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ABSTRACT 222 
Ecologists and evolutionary biologists attempt to understand processes that determine 223 
distribution, abundance, and diversification of taxa through space and time. Genetic variation 224 
can provide insight into mechanisms governing the distribution and structure of natural 225 
populations, and population responses to environmental change, which in turn can have 226 
important consequences for the maintenance of species diversity. For my dissertation, I 227 
studied genetic variation of a seed-dispersing bat, Artibeus lituratus (Chiroptera: 228 
Phyllostomidae), in a heterogeneous landscape in South America, with the objective of 229 
understanding environmental and spatial forces responsible for the distribution and dynamics 230 
of populations. First, I designed thousands of primer pairs to amplify microsatellite loci for A. 231 
lituratus, for which no markers were previously available, and tested a subset on A. lituratus 232 
and 6 related phyllostomid species. I then used these data as tools to compare genetic 233 
structure in highly fragmented Alto Paraná Atlantic forest in eastern Paraguay to that in 234 
mostly contiguous forest in neighboring Misiones, Argentina. Results indicated weak genetic 235 
differentiation, and no significant correlation between genetic and geographic distance in 236 
fragmented or continuous forest. Comparison of empirical and simulated landscapes 237 
indicated empirical results were consistent with regular long-distance dispersal and high 238 
migration rates. I then determined unique and shared effects of forest configuration 239 
(measured at five spatial scales), environmental, and spatial factors on the distribution of 240 
genetic variation. Environmental factors reflecting tree composition, climate and forest 241 
structure strongly accounted for variation in genetic diversity, as did fragmentation measured 242 
at intermediate scales. Almost no variation in genetic structure was explained. Results were 243 
consistent with high levels of gene flow, which could be preventing or significantly delaying 244 
reduction in population connectivity, and strong influence of environment and fragmentation 245 
on genetic diversity, potentially mediated via population size. These findings indicated the 246 
importance of accounting for effects of multiple demographic processes, and at multiple 247 
spatial scales. My results advance our understanding of how populations respond to 248 
landscape alterations and natural environmental heterogeneity, and do so for a relatively 249 
poorly studied group of vertebrates, in a highly threatened ecosystem. 250 
 251 
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CHAPTER 1. INTRODUCTION 253 
Understanding determinants of spatially structured genetic variation is an important tool for 254 
understanding species ecology and the potential for evolutionary processes to act on populations. 255 
Population connectivity and local abundance are drivers of both local adaptation and regional 256 
population dynamics, which can ultimately determine the distribution and viability of taxa in a 257 
region. Addressing neutral genetic variation in sub-divided populations is important for 258 
ecological investigations of biological processes influencing the structure of natural populations, 259 
and complements information obtained from studying demographic or morphological variation.  260 
Habitat fragmentation can have important consequences for populations. Habitat 261 
configuration and structural connectivity can modify dispersal (Hanski 1999; Prugh et al. 2008), 262 
which is crucial for re-colonization (rescue-effects; Brown & Kodric-Brown 1977) or to maintain 263 
declining populations (mass-effects; Shmida & Wilson 1985). Intermediate levels of gene flow 264 
can also maintain genetic diversity, which is the raw substrate for natural selection (e.g. Petren et 265 
al. 2005). Additionally, patchy landscapes typically have more edge, fewer resources and 266 
potentially poor quality or altered habitat due to human and invasive species incursions. For 267 
example, plants found at forest edges experience different microclimates than do species in the 268 
interior (Laurance et al. 2007), which can lead to altered plant assemblages in fragmented 269 
landscapes (Laurance et al. 2006). While habitat loss is thought to have universally negative 270 
effects (Fahrig 2003), patch configuration can sometimes contribute to species persistence due to 271 
interactions among species (e.g. Huffacker 1958). However, habitat loss and fragmentation do 272 
not occur in isolation from other processes. Effects of fragmentation on populations can be 273 
highly dependent on the environmental and spatial context in which fragmentation occurs, and 274 
on traits of the species experiencing it (Fischer & Lindenmayer 2007). Due to this complexity, 275 
the effects of habitat fragmentation on taxa, especially in interaction with environmental and 276 
spatial processes across broad scales, remains incompletely understood. Yet, there is an 277 
increasing need to understand these interactive effects, due to numerous alterations occurring in 278 
in natural landscapes, including pervasive anthropogenic habitat destruction (Laurance et al. 279 
2004) and climate change (Parry et al. 2007).  280 
 Studying the distribution of genetic variation among populations, especially over large 281 
geographic scales, can improve our understanding of population dynamics and connectivity, 282 
particularly for smaller organisms for which it is not generally feasible to use mark-recapture or 283 
radio-tracking (Burland & Wilmer 2001). Furthermore, by analyzing genetic variation in a 284 
landscape context, insight can be gained into how landscape elements influence populations, 285 
either alone or in combination with other processes (e.g. Angers et al. 1999; Mendez et al. 2010). 286 
For example, since neutral genetic structure over contemporary time periods is most influenced 287 
by migration and genetic drift, strong genetic structure arising after habitat fragmentation could 288 
be a powerful indication that fragmentation is reducing successful dispersal (e.g. Martínez-Cruz 289 
et al. 2007).  290 
 Since Manel et al. (2003) formally described the field of landscape genetics, many studies 291 
have shown that the landscape can have important effects on genetic variation of populations 292 
(reviewed in Storfer et al. 2010). Nevertheless, one challenge for studying effects of 293 
fragmentation is having sufficient power to detect a signature of recent processes, which are 294 
often of interest. However, results from both empirical studies (e.g. Epps et al. 2005; Pavlacky et 295 
al. 2009; Segelbacher et al. 2008) and simulation-based approaches (e.g. Cushman & Landguth 296 
2010b) indicate the potential for a genetic signature of even recent processes influencing 297 
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populations. Furthermore, an evaluation of statistical methods indicates that multivariate 298 
ordination and regression methods improve the power to detect landscape effects on genetic 299 
structure (Balkenhol et al. 2009). 300 
Habitat configuration, and environmental and spatial effects do not need to be mutually 301 
exclusive, and it is possible for populations to be strongly influenced by multiple processes. One 302 
of the most fundamental is that of dispersal limitation, where nearby individuals interbreed more 303 
frequently than those that are distant. This process, which manifests as the phenomenon known 304 
as isolation-by-distance (IBD), can lead to spatial structure in genetic composition that increases 305 
with geographic distance. Moreover, spatial genetic variation can arise due to landscape 306 
heterogeneity (Storfer et al. 2007; Storfer et al. 2010), which can come from multiple sources 307 
including variation in important environmental characteristics (e.g., climatic variables, 308 
productivity, soil properties, etc.), or in the spatial distribution and configuration of habitat 309 
patches (fragmentation). Habitat configuration and environmental conditions can regulate 310 
population size and connectivity across a landscape, which in turn has consequences for genetic 311 
variation via modification of gene flow and magnitude of genetic drift (Hartl & Clark 2007). 312 
Nevertheless, relatively few studies have explicitly accounted for the shared and independent 313 
effects of environmental and spatial factors on genetic variation, or additionally explicitly 314 
accounted for habitat fragmentation.  315 
In addition, spatial scale can be a critical factor for understanding the relationship 316 
between pattern and process. The importance of scale has been recognized for several decades in 317 
ecology (Levin 1992; Lyons & Willig 1999; Wiens 1989), but has only recently received 318 
attention in landscape genetics (Anderson et al. 2010; Cushman & Landguth 2010a; Epperson 319 
2010). The effects of some processes may only be apparent at certain spatial scales (Galpern et al. 320 
2012; Rasic & Keyghobadi 2012). Moreover, the importance of different factors could vary as a 321 
function of scales (Angelone et al. 2011; Murphy et al. 2010). For these reasons, factors of 322 
interest should be measured at an appropriate spatial scale for the study organism, or barring 323 
prior knowledge to that effect, at multiple spatial scales to determine scale-dependence in 324 
population response. Despite a growing number of studies in landscape genetics, there is still a 325 
lack of research that incorporates the interactive and independent effects of multiple processes, 326 
including habitat fragmentation, and does so across spatial scales, particularly for populations in 327 
the tropics or subtropics (Storfer et al. 2010). 328 
Tropical and subtropical regions house much of the world’s biodiversity, but are also 329 
experiencing rapid and pervasive anthropogenic habitat changes. Yet, in these regions there have 330 
been relatively few attempts to determine the effects of landscape processes on genetic variation 331 
in general, and none to my knowledge that take a variation-partitioning approach to 332 
simultaneously account for effects of multiple environmental and landscape processes. 333 
Understanding how multiple mechanisms influence populations is especially relevant and urgent 334 
in biomes like Atlantic forest. Found in southern Brazil and extending inland into eastern 335 
Paraguay and northern Argentina, Atlantic forest has only ~7-16% of its original expanse 336 
remaining, and is among the most endangered forests worldwide (Morellato & Haddad 2000; 337 
Ribeiro et al. 2009). That, in combination with high levels of biodiversity and endemism (Di 338 
Bitetti et al. 2003; Fonseca et al. 1999), led to its inclusion in multiple global priority lists 339 
proposed by conservation organizations (summarized in Brooks et al. 2006).  340 
Detecting effects of environment, habitat configuration or spatial factors could be 341 
especially difficult with highly mobile animals, which might show only subtle changes in 342 
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dispersal ability in response to landscape or environmental cues. Such changes may nevertheless 343 
be biologically significant and inform our understanding of population dynamics. Using a more 344 
powerful and flexible multivariate statistical framework to process genetic data may prove 345 
especially fruitful for potential high-mobility animals such as bats, that often have weak genetic 346 
structure, and which may be keystone taxa in tropical regions. 347 
 Frugivorous and nectarivorous phyllostomid bats play an especially important role in 348 
tropical regions as seed dispersers (Arteaga et al. 2006; Gastal & Bizerril 1999; Medellin & 349 
Gaona 1999) or pollinators (Law & Lean 1999; Quesada et al. 2003). Moreover, bats are often 350 
the most abundant mammalian species in tropical and subtropical habitats (Patterson et al. 2003), 351 
and have evolved intimate relationships with many plant species. In New World tropical and 352 
subtropical habitats, frugivorous bats disperse critically important early pioneer plant species that 353 
are among the most abundant during primary and secondary succession (Muscarella & Fleming 354 
2007), and thus play an important role in forest regeneration. In addition, they both pollinate and 355 
disperse primary forest species and facilitate connectivity of forest communities (Fleming 1988; 356 
Medellin & Gaona 1999; Whittaker & Jones 1994). These characteristics make bats crucial in the 357 
connectivity of forest communities (Medellin & Gaona 1999; Whittaker & Jones 1994), 358 
particularly in fragmented landscapes, and may prove increasingly important as world-wide 359 
habitat loss threatens tropical environs with high degrees of fragmentation (Hubbell et al. 2008). 360 
In this context, studying effects of fragmentation, environmental, and spatial factors on 361 
genetic variability is important for widespread and abundant Neotropical taxa like Artibeus 362 
lituratus (Chiroptera: Phyllostomidae). Its high regional abundance (Stevens et al. 2004) and 363 
potential mobility make it an important species from the perspective of connectivity among plant 364 
taxa that depend on these and other bats for seed dispersal and pollination. Its broad distribution 365 
also makes it a good model to assess landscape and environmental determinants of spatially 366 
structured genetic variation, because results from this study can be compared with other regions 367 
experiencing rapid habitat alternation (such as Amazonia), and common species such as A. 368 
lituratus can form a baseline with which to compare population responses of other bats 369 
(Whiteley et al. 2006).  370 
My dissertation focuses on populations of this fruit-eating bat in Alto Paraná Atlantic 371 
forest (APAF) in eastern Paraguay and the Misiones Province of Argentina. In the last sixty 372 
years, eastern Paraguay has experienced rapid deforestation (Facultad de Ingenieria Agronomica 373 
1994) with forest patches of various sizes and configuration now remaining (67,000 hectares to 374 
less than a hundred hectares). In contrast, neighboring Argentina possesses over a million 375 
hectares of mostly contiguous APAF (Di Bitetti et al. 2003). Together these two regions provide 376 
a natural-experimental setting to understand mechanisms shaping population response in the 377 
aftermath of rapid landscape fragmentation, and the role of environmental gradients in shaping 378 
populations, both alone and in interaction with other processes. Therefore, the broad objective of 379 
this research is to determine the extent to which habitat configuration (fragmentation), 380 
environmental conditions, and spatial factors, independently or through their interaction, affect 381 
genetic variation of the widespread seed-dispersing bat A. lituratus in a heterogeneous landscape 382 
in South America.  383 
Microsatellites are often the marker of choice for population genetic studies at 384 
intermediate to short spatial and temporal scales. Developing large numbers of markers has 385 
traditionally been technically difficult and this has limited our ability to investigate evolutionary 386 
phenomena that emerge across short temporal scales. Moreover, few markers tend to 387 
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successfully amplify across species boundaries. As rapid advancements in high-throughput 388 
sequencing make microsatellite development cost and time-effective, new avenues for 389 
evolutionary and population genetic research are emerging.  390 
In Chapter 2, I used a published PERL script and second-generation sequencing to 391 
rapidly and affordably develop microsatellite loci for A. lituratus, for which no markers were 392 
previously available. I used Roche FLX (Titanium) Genome Sequencing to randomly sequence 393 
~101 Mb (255,065 unique reads) of genomic DNA, within which I located 30,100 microsatellite 394 
loci. I designed primers for 19,395 loci that contained suitable flanking regions. I ordered 395 
primers for 96 loci, 90 of which produced a single PCR product in A. lituratus. I genotyped 52 396 
loci, and 45 were polymorphic in A. lituratus. I tested cross-species amplification for 96 loci in 397 
six additional phyllostomid species: A. planirostris, A. fimbriatus, A. phaeotis, Enchisthenes 398 
hartii, Sturnira lilium, and Carollia perspicillata. Cross-species amplification was successful for 399 
at least one species for 87 loci (A. fimbriatus), and in all species at least 66 loci amplified. These 400 
markers will facilitate future work on these seven species, but also illustrate the utility of this 401 
high-throughput method for development of primers across many species simultaneously. 402 
Furthermore, these microsatellite loci enabled me to determine the spatial distribution of 403 
population genetic variation for A. lituratus collected in Atlantic forest of South America. 404 
Habitat loss and resultant fragmentation are major threats to biodiversity, particularly in 405 
tropical and subtropical ecosystems. It is increasingly urgent to understand effects of 406 
fragmentation, which are often complex and vary across taxa, time and space. In Chapter 3, I 407 
determined whether recent fragmentation of Atlantic forest is causing population sub-division in 408 
A. lituratus. I compared genetic structure among sites within a highly fragmented landscape to 409 
that in a mostly contiguous landscape. I genotyped bats from 15 sites in heavily fragmented 410 
APAF of eastern Paraguay and 5 sites in relatively contiguous APAF in Misiones, Argentina. 411 
Further, observed genetic structure across the fragmented landscape was compared with expected 412 
levels of structure for similar timespans in realistic simulated landscapes under different degrees 413 
of reduction in gene flow. If fragmentation significantly reduced successful dispersal, greater 414 
population differentiation and stronger isolation-by-distance would be expected in the 415 
fragmented than in the continuous landscape, and genetic structure in the fragmented landscape 416 
should be similar to structure for simulated landscapes where dispersal had been substantially 417 
reduced. Instead, only weak genetic differentiation was observed and no significant correlation 418 
was found between genetic and geographic distance in fragmented or continuous landscapes. 419 
Furthermore, comparison of empirical and simulated landscapes indicated empirical results were 420 
consistent with regular long-distance dispersal and high migration rates. These results suggest 421 
maintenance of high levels of gene flow in the fragmented landscape, which could be preventing 422 
or significantly delaying reduction in population connectivity. Nevertheless, processes other than 423 
dispersal limitation (isolation-by-distance) could influence the distribution of genetic variation 424 
across the landscape, including habitat configuration and environmental gradients, and the 425 
simultaneous effects of multiple processes, potentially even subtle effects, could be quantified 426 
with more powerful multivariate analyses. 427 
 Studies quantifying the effects of landscape features and environment on genetic 428 
variation in mammals with high dispersal capacity are rare, and usually do so at only one spatial 429 
scale. In Chapter 4, I determined the unique and shared effects of environment, habitat 430 
configuration, and spatial factors on the distribution of genetic variation (measured as expected 431 
heterozygosity, and genetic composition per site) of A. lituratus across a heterogeneous 432 
landscape, using a series of regressions and partial regressions. Environmental data were 433 
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gathered at the same 20 sites from which bats were collected. Processed Landsat 7 satellite 434 
imagery was used to characterize forest remnants at 5 spatial scales for each site. Environmental 435 
factors reflecting aspects of climate, tree species composition, and forest structure influenced 436 
genetic diversity within sites, as did habitat fragmentation particularly measured at intermediate 437 
scales, and there was significant spatial structure. Most variation in genetic diversity across the 438 
landscape could be explained by multiple explanatory factors simultaneously, indicating either 439 
correlation among predictors, or similar responses in genetic data to different predictors. These 440 
results indicate both the importance of accounting for potentially shared effects among multiple 441 
processes that could influence populations, and that analyzing landscape effects at several spatial 442 
scales may be relevant to understanding how populations respond to their environment. In 443 
contrast to genetic diversity, no predictor set explained much variation in genetic composition.  444 
In the final chapter, I summarize results from Chapters 2-4 and consider their 445 
implications. In particular, I discuss insights gained from 1) designing and testing cross-species 446 
amplification of many microsatellite primers in Chapter 2, and 2) determining empirical genetic 447 
structure, testing for isolation-by-distance, and comparing empirical structure to simulated 448 
genetic structure expected under different levels of gene flow in Chapter 3, and 3) determining 449 
the shared and unique effects of habitat fragmentation, environmental, and spatial factors on the 450 
distribution of genetic variation across a heterogeneous landscape in Chapter 4. 451 
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CHAPTER 2. RAPID DEVELOPMENT AND SCREENING OF MICROSATELLITE 581 





Microsatellite markers are widely used in many avenues of research including population and 585 
landscape genetics, conservation genetics, behavioral ecology and the forensic sciences 586 
(Buschiazzo & Gemmell 2006) by virtue of their high mutation rate and because their 587 
evolutionary fate is governed largely by neutral processes (Ellegren 2004). They are particularly 588 
useful for studying relationships among individuals, or recent genetic changes in populations 589 
(Selkoe & Toonen 2006). Since many markers facilitate resolving subtle population divergence, 590 
the capacity to rapidly and affordably develop large numbers of microsatellite markers is 591 
necessary (e.g. Abdelkrim et al. 2009; Allentoft et al. 2009; Castoe et al. 2010). This may prove 592 
especially useful in the growing fields of landscape genetics (Holderegger & Wagner 2006; 593 
Manel et al. 2003; Storfer et al. 2007) and conservation genetics (Frankham 1995) where genetic 594 
patterns are driven by sometimes very recent historical processes, such as anthropogenic 595 
disturbances including habitat destruction (Hansen et al. 2008; Laurance et al. 2001), 596 
fragmentation (Hubbell et al. 2008; Laurance et al. 2006), and climate change (Parry et al. 2007). 597 
Advances in genetic toolkits can provide resources to answer questions about effects of very 598 
recent events on genetic structure of populations.  599 
High-throughput microsatellite development may additionally negate two traditional 600 
disadvantages to using microsatellites: (i) methods of microsatellite development such as 601 
enrichment and cloning protocols (e.g. Glenn & Schable 2005) are relatively expensive and time- 602 
consuming, perhaps especially so for taxa such as birds and bats that have a lower frequency of 603 
repetitive DNA in the genome (Primmer et al. 1997; Van den Bussche et al. 1995); and (ii) 604 
priming sites are typically species-specific. However, given large numbers of microsatellites, it is 605 
possible to test many loci across a panel of species simultaneously and choose markers that work 606 
for all focal species. This could facilitate the use of microsatellite loci in multiple species 607 
population studies in a way that has not been practical before. 608 
Here, we present (i) development of thousands of microsatellite loci for a widespread and 609 
much-studied frugivorous bat, Artibeus lituratus (Phyllostomidae), and (ii) testing of ninety-six 610 
loci for A. lituratus and 6 other phyllostomid bat species of increasing genetic distance, none of 611 
which had previously published microsatellite primers (although Ortega et al. 2002 published 612 
primers for a closely related species, A. jamaicensis). Species we screened include A. fimbriatus 613 
and A. planirostris (same subgenus as the focal species A. lituratus: Artibeus), A. phaeotis 614 
(different subgenus: Dermanura), Enchisthenes hartii (closely-related genus, previously A. 615 
hartii), Sturnira lilium (same subfamily: Stenodermatinae), and Carollia perspicillata (different 616 
subfamily: Carolliinae).  617 
Materials and Methods 618 
Preparation of gDNA for 454 sequencing 619 
Genomic DNA for sequencing came from a single specimen of Artibeus lituratus collected in the 620 
                                                        
1 This chapter previously appeared as McCulloch ES, Stevens RD (2011) Rapid development and screening of 
microsatellite loci for Artibeus lituratus and their utility for six related species within Phyllostomidae. Molecular 
Ecology Resources 11, 903-913. Reprinted with permission from John Wiley and Sons. 
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Canindeyú Department of Paraguay, Villa Ygatimí District, Karapa Station of the Reserva 621 
Natural del Bosque Mbaracayú (RNBM, in the charge of the Fundación Moisés Bertoni) on 622 
February 27, 2009 (LSUMNS catalog number LSUMZ-36792, and tissue collection number M- 623 
9613). Information regarding habitat characteristics and details of the bat community at the 624 
RNBM can be found in Stevens et al. (2004). Identification was verified with examination of 625 
cranial morphology (López-González 2005). Liver and kidney tissues that had been stored in 626 
95% EtOH were digested in a solution of 500 μL SNET (Sambrook & Russell 2001), 1μL 627 
Proteinase K and 1μL RNase overnight at 37°C, then the temperature was raised to 55°C for 628 
another hour to complete digestion; finally, an additional 1 μL of RNase was added and the 629 
sample was left at room temperature for 15 minutes. DNA was extracted using a phenol- 630 
chloroform extraction protocol, precipitated with 100% isopropanol and washed with 70% EtOH 631 
before being re-suspended in 100 μL of 1x TE (Sambrook & Russell 2001). Roughly 70 μg was 632 
sent to Duke University‘s Genome Sequencing and Analysis Core Facility 454 Titanium 633 
Sequencing Services, and library preparation and sequencing followed their standard protocols 634 
and quality control steps. This library was barcoded and run on the equivalent of ~1/8 plate; it 635 
yielded ~115.4 Mb of sequence (~101 Mb of which was unique sequence), which represents 636 
approximately 3.75% of the genome, assuming a similar genome size for all Artibeus species 637 
(genome size: Redi et al. 2005).  638 
Primer development 639 
The fasta file containing raw sequence data (Appendix S1: McCulloch & Stevens 2011) was then 640 
analyzed using the PERL script ―primer_designer‖ recently published by Castoe et al. (2010). 641 
Primer Designer extracts reads that contain perfect, compound (multiple repeat motifs occurring 642 
non-continuously in a read) and broken tandem repeats (same repeat motif occurring non- 643 
continuously in a read) that are at least 12 bp in length and inputs those reads into Primer3 644 
(Rozen & Skaletsky 2000), following which primers are designed based on parameters defined 645 
by the user. Primer Designer also groups together translated or shifted repeat motifs, as well as 646 
reverse complement repeat motifs, therefore counting only unique repeat motifs. The latest 647 
version of Primer Designer was obtained from the authors, as it has been modified since it was 648 
originally published. Additionally, the code required downloading an earlier version of Primer3 649 
(2.0.0 alpha) and creating an executable binary "primer3_core". Primer3 criteria for primer 650 
design included the following: 58-65°C melting temperature (Tm) with <2% difference between 651 
paired primers and optimal Tm of 62°C, GC content 30-80%, a GC clamp on the last two 3‘ 652 
nucleotides, amplicon length of >60 bp, max poly-N of four nucleotides, and primer size 18-30 653 
base pairs (bp) with optimal size of 20 bp. Other parameters were set to Primer3 default values.  654 
The resulting output file with primer and microsatellite loci information was sorted in 655 
order to select microsatellites for testing. The following criteria were met for primers to be 656 
considered viable: >6 tandem repeats (i.e. 12 bp for di-nucleotide repeats, 18 bp for tri- 657 
nucleotide repeats etc.), <3 occurrences of the forward or reverse primer (respectively) in all 658 
reads, and primer pair occurs at least one time. At least 6 tandem repeats has been used as a 659 
defining characteristic of microsatellites (Ellegren 2004) and multiple priming sites in the dataset 660 
may indicate the priming site is within a transposable element and can result in non-specific 661 
amplification. Of 2,539 microsatellite loci that met those criteria, a selection was made of 96 loci 662 
(Table 2.1) representing the full range of available repeat motif types: 15 di-nucleotide, 30 tri- 663 
nucleotide, 34 tetra-nucleotide, 17 penta-nucleotide and 10 hexa-nucleotide. Loci with a total 664 
length >50 bp were chosen preferentially, but beyond this and the criteria previously mentioned, 665 
selection was otherwise arbitrary. Selected primers were ordered from Integrated DNA 666 
667 
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Table 2.1. Screening microsatellite markers developed for A. lituratus across six con-familial species, forward and reverse primer ID 668 
and sequence included. Primer IDs correspond to identification used in McCulloch & Stevens (2011), Appendix S2. Amplification 669 
tested for 1 individual. Number in parentheses indicates number of individuals genotyped in test for polymorphism. Species 670 
abbreviations: A. lituratus "Alit", A. planirostris "Apla", A. fimbriatus "Afim", A. phaeotis "Apha", E. hartii "Ehar", S. lilium "Slil", 671 
and C. perspicillata "Cper". 672 
    Amplification test Polymorphism test 
Forward 
Primer Forward Primer Sequence 
Reverse 















AL2_00090 ATGGTGGGGAATGCTAGAGG AL2_21775 AATGCTTTCGTCCCTCCC - - - - - - - NT NT NT NT NT NT NT 
AL2_00381 TCGTTGGGGTGTACAAGAAGC AL2_19760 GAAGAGCTGTGCCCTCTGC + + + + + + + NT NT NT NT NT NT NT 
AL2_00491 GAAGAGGAAATCCCACTCGG AL2_05715 AGGAACACCACTGGGAGACG + + + + + + + NT NT NT NT NT NT NT 
AL2_00497 GCAAAGAGAACCTGAGTCCAGC AL2_09776 GCCGGCGTCTAGTTGTAACC + + + + + + + NT NT NT NT NT NT NT 
AL2_00735 CCAGGGATTCACCCTGTAGC AL2_17854 CACAGAGCAGATGGGAAAGG + + + + + + + P P P P P P MLP 
AL2_00821 CAGAGGCAGGTCAAAGGAGG AL2_06824 GCCATATGCTTCTTGCTCCC + + + + + + + P P P P P P P 
AL2_00827 CTGGGTAGTTGGTGGGATGG AL2_06380 GATCCAGACCCTCAAGACGC + + + + + + + M NT NT NT NT NT NT 
AL2_01230 AATGCAAATCAAATGCAGCC AL2_24257 TTTGTTCTCCAGCCTTGTTCC + + + - + + - P M P F P P M 
AL2_01366 AGGCAACTCTGCTCTGCTCC AL2_20377 CTTAGCCCGAAACACCAAGG + + + + + + + P NT NT NT NT NT NT 
AL2_01650 AAGCTCCTGGGACAGACAGC AL2_19660 CCTAGCTTTGACTGTTGGGAGG + - + - + + + P NT NT NT NT NT NT 
AL2_01742 TGGCTGTGAGACACTCTCTATGC AL2_22924 TTGGTCTTCTGTGGGTGTGG + + + - - + + NT NT NT NT NT NT NT 
AL2_01924 GGTGCTCTTACCTGTTCAACTGC AL2_13613 GCCTGCCATTGTCCTATTCC + + + + + + + P NT NT NT NT NT NT 
AL2_02087 TTGTCTACAAGGGTTCCGCC AL2_05111 TCTCCCTCGGTCTCTTCTGC + - - - - - + NT NT NT NT NT NT NT 
AL2_03000 TACAAGGGTTTCCCACCACC AL2_12620 TGCTGTCAGATCCTTCCTGC + - + - + + + NT NT NT NT NT NT NT 
AL2_04186 TTGACAGACCTTCCCTCAGC AL2_16337 CAGGTTAAGCACCCACATGC + + + + + + + P P P M P P MLP 
AL2_04254 TTACAGGCCTCTCTCTGGGC AL2_05845 TTTCGACAGAACCAGGAAGG + + - - - + - NT NT NT NT NT NT NT 
AL2_04728 ATGAGGCCCACCATGTTAGC AL2_08259 CAAGTCAGACATTTACACTGCCC + + + + + + + P NT NT NT NT NT NT 
AL2_05097 TAATCTGCACTGGGCCACC AL2_10437 CCTTCTAACCCCACGTCACC + + + + + + + P NT NT NT NT NT NT 
AL2_05216 TGGCTGAAGGAACTACTTTCCC AL2_29438 GCCATAGACCGAAAGGTTGC + + + + + - + P NT NT NT NT NT NT 
AL2_05378 CCAGGTCAGCCAAGGTAACG AL2_13822 TGGGAGAAAGAGAGTTGGGC + + + + + - - P P P P P MLP M 
AL2_05478 AAGCTGAAAGAGGCATTCCG AL2_29864 GTGTCAGCCCCACAAGTGC + + + + - + + NT NT NT NT NT NT NT 
AL2_05478 AAGCTGAAAGAGGCATTCCG AL2_10100 GTATTCCGTGTCAGCCCACC + - + - + - + NT NT NT NT NT NT NT 
AL2_05700 CTTTCCTTCCACACCCAACC AL2_16761 GTGCCTCTGAGGAGGATGC + + + - + + + P P P MLP P P P 
AL2_06221 GGAACTCCACTTGGCTCTGG AL2_03237 ACATTTTGGCTTCAGCTGCC - - + - + + + NT NT NT NT NT NT NT 
AL2_06788 CTGATTGTTTCCCACCCACC AL2_15200 GAGGCTCATCAGTGTCCTGG + + + - + + + NT NT NT NT NT NT NT 
AL2_07050 TTTCCTCTCCTCTCAGGGTCC AL2_29928 TGGAAAAGCCAGGAGTAGCC + + + + + + + NT NT NT NT NT NT NT 
AL2_07816 GCAGTGATTGTTTTGCTCGC AL2_30227 TGGTGTTGGTTACCGACTGG + - + - + + + NT NT NT NT NT NT NT 
AL2_07956 GCATAAGTCCCCACAATGCC AL2_13983 TACCAGCTGTTCCTGGATGC - + - + + + + NT NT NT NT NT NT NT 
AL2_07965 GCCTCTGCTAGAGTAATTTGTGTGG AL2_27704 AGAGGCTTAGCGGTTCCTCC + + + + + + - NT NT NT NT NT NT NT 
AL2_08749 AGAAGCCAGCAGAGAAACGC AL2_01815 ACGGCAGGCTCTGTAAGTCC + + + + + + + M NT NT NT NT NT NT 
AL2_09089 TGAATATTTTGTGCCCATCCC AL2_16695 GACAGTGACCAGAGGGGAGC + + + + + + + P F F F F F F 
AL2_09606 TTTATCTTTCAGAAGGGGAAGGG AL2_04152 GGAGTGCACGAGAAGCAACC - - - - - - - F NT NT NT NT NT NT 
AL2_10036 ACCTCAGGACCTTCCACAGC AL2_28085 GAGGGAGGAAAAGTCCTGGC + + + - + + + NT NT NT NT NT NT NT 
AL2_10380 TCAAGTCCAGGATTCCTCCC AL2_33051 AGTCAGCCACTTGGACAGGG - - + - - + - NT NT NT NT NT NT NT 
AL2_11228 GGGTCAAGGGTAGGTCAAAGG AL2_30611 CCAACCTTAACTTTGTTCCAGC + + + - - - - P NT NT NT NT NT NT 
AL2_11685 TTAACGCTGAGCCACTTAGCC AL2_14536 CAGCAGCAATCCATAAACGG + + + - + + + NT NT NT NT NT NT NT 
AL2_11749 TGTGGTTCAGCACTAGCAGAGG AL2_00704 ACCAGAAGGGCATCCATCC + + + + - + + NT NT NT NT NT NT NT 
AL2_11949 GAGGCCACAGAAGCTGAAGG AL2_13284 GGTCCACAATGGAGGATAAGG + + + + + + + P P P P M F F 
AL2_12214 TGAATTCTAAACACCTCAACTTGC AL2_24834 GATTTTGTGGAGTTGCTGGC + + + + + - - P P P P F M M 
AL2_13085 CCTGAGAACCAAGGCACAGC AL2_11788 CTCAGGGCCGTACTCAATCC + + + + + + + NT NT NT NT NT NT NT 
AL2_13186 CTTGGGCTACATCCCAAACC AL2_18327 TCACTGAGGCTGTGAGGAGG + - + + + + + NT NT NT NT NT NT NT 
AL2_13263 AAGCCTTCACCTCCCTCACC AL2_28199 TGCCCAGTGTATGGGTAAGC + + + + + + + P P P P P P F 
AL2_13578 AGGCGGTCATGTAAGTTGGC AL2_22124 CTCTACCTGCATGTGGGTGC + + + + + + + P P P P P P M 
AL2_14295 GTTGAGATGCACGCAAGAGG AL2_27884 TTTTCCAAGTTTCTCTCCATACAGG + + + + + + + P NT NT NT NT NT NT 
AL2_14802 TGCCTTTTCCTCATAAGGGC AL2_31579 GGAATTGAACATTGCAGAATGG + + + + + + + NT NT NT NT NT NT NT 
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Table 2.1. cont‘d 673 
AL2_14889 TGCTGCCTTACCAACACACC AL2_16224 ACAGGGTGACCTTGGATTGG + + + - + + + NT NT NT NT NT NT NT 
AL2_15220 CATGGAAGCCTACTGAGCCC AL2_19616 CAACTCTCCTGGAGTTGTGCC + + + + + + + P NT NT NT NT NT NT 
AL2_16384 GGGCCAAATCCAATGAGTAGC AL2_12662 CCTGCCACTTGGTAGGTTGG + + + + + - - P P P P P F F 
AL2_16820 TGGGACTCTGTGCTTCTTGG AL2_01767 GCAATGAAGGAGGTGAAGCC + + + + + + + NT NT NT NT NT NT NT 
AL2_17396 AGCTCTCCTCTGAGCCTTGC AL2_16670 CCTAAGCAAGGCATTGACACC + + + + + + + NT NT NT NT NT NT NT 
AL2_17817 TTCCAGAGGGTCCCAGAGC AL2_06744 GCAAAAGAAACCCCACAAGC + + + + + + + P NT NT NT NT NT NT 
AL2_17843 GTTGGGGCACATACCAGACG AL2_14016 GGTGAAGGGGACTGAGGACC + + + + + + + M NT NT NT NT NT NT 
AL2_18500 GATTAGGAACAGGGGAGTGGG AL2_22716 GCTTAAATTTGGGGTTCCTGG + + + + - + + NT NT NT NT NT NT NT 
AL2_18713 ATGCCCCATATCTCCACAGG AL2_18023 GATAACTGTTCAGGCCCAAGG + + + + + + + P P P P P P P 
AL2_18855 CTCTTTCTCCTTCCCCACCC AL2_16158 TAGTTGATTGGCCTGTCCCC + + + + + + + NT NT NT NT NT NT NT 
AL2_19025 CACAGTGGGGCTACATCAGC AL2_08890 GAAATCTCAGTGCGCAGACG + + + + + + + P NT NT NT NT NT NT 
AL2_19504 TTCTTGTGTTCACATGGGGC AL2_20320 ATTGGCAGACAGCAAGGAGC + - + - + + - NT NT NT NT NT NT NT 
AL2_19895 CATCTGGTGGGGTTTTCAGC AL2_07983 ATGCGATGTCCACACTCACC + + + + - + + MLP NT NT NT NT NT NT 
AL2_20130 AGACACACTGAGAGCCACGC AL2_29013 AGGAGCTTGTCCAGAGGACG + + + + + + + P NT NT NT NT NT NT 
AL2_20278 AGAAAGTCACTGCCCAAGCC AL2_31434 TCAGCACTGCTTTCTTTGCC + + + + + + + P NT NT NT NT NT NT 
AL2_20293 CCAGTCAAGGTGTGAGCAGG AL2_18937 TGGGATATGGGAAGTGAGGG + + + - + + + P P M M M M M 
AL2_20404 GCGGTTGAAAGGAAGTAGAACG AL2_06735 CCTCTAGTCAGTCCCACCCC + + + + + + + P NT NT NT NT NT NT 
AL2_20868 AAGTTCTGAGGGGACGTTGG AL2_10444 ACCCACCACAGCGGTATAGG + + + + + - + P NT NT NT NT NT NT 
AL2_21103 TCACCAGAGGCAATCACAGC AL2_09958 TCTCACTACACGCGCTCACC + + + + + - + M NT NT NT NT NT NT 
AL2_21280 CTGAGGAGACTGGGACAGCC AL2_21430 GGTCACAGGAACACAGACCG + + + + + + - MLP NT NT NT NT NT NT 
AL2_21513 GAGAGTGGCACTTCGAGGG AL2_07493 GTTTAGCATGCCAAGGAGGC + + + + + + + NT NT NT NT NT NT NT 
AL2_21652 TCCAGAAAGTGGAAGAGGAAGG AL2_07154 TCTGTCCTTGTCCGGTTTGG + - - - - + - NT NT NT NT NT NT NT 
AL2_21655 CTGAATGCAGGCAGATGAGG AL2_25429 CTTTCTGCTGGCAGACTTGC + + + + + + + NT NT NT NT NT NT NT 
AL2_25023 GTTGCAGGTTCAATCCTCCC AL2_06886 CTCAACCCACTGAGCACACC + + + + + + + P M P M P M M 
AL2_25522 GCTAGGTATGGGGCTGTATTCC AL2_16051 CACCTTCTGGCCTCAATTCC + + + + + + + P M M M P P P 
AL2_25600 AGCCTCCATTTGACTCCTGC AL2_19865 TTCTCTTCCACTGGCCTTCG + + + - + + - NT NT NT NT NT NT NT 
AL2_25788 CAAATTCCACCAGTTCTGCG AL2_03037 TTTGCTTGTGGGAAATGTGG + + + - + - - NT NT NT NT NT NT NT 
AL2_25886 CAGGTAAGAAGAGCCAGCAGC AL2_17525 GGCTTGGCAAAGGTAGTTGC + + + + + + + P NT NT NT NT NT NT 
AL2_26146 CACATGGTCGTAAACTAAAGGGG AL2_24739 AAGGCTCCCTCTTCCTGACC - - - - - - + NT NT NT NT NT NT NT 
AL2_26200 TGTCCACTAGCTTGGAAGGC AL2_02384 TGGTTCCATTCTCAGTCAGGG + + + + + + + NT NT NT NT NT NT NT 
AL2_26300 ATTCGTGTGTGTGACCTGCC AL2_04170 GACAGCTGGTGAATGCATGG + + + - + + - NT NT NT NT NT NT NT 
AL2_26550 GCAATGTGCAGTTCGAGTCC AL2_20318 CTTTACCTGGCCTGACCTCG + + + - + + - P NT NT NT NT NT NT 
AL2_26725 CTCACGATTGAACGCAAAGC AL2_03049 TCCTGGGTTACTGTCTGGGG + + + + - + + P P P MLP P MLP P 
AL2_27432 AGAATTAGGATTCGAGCTAGGG AL2_02989 TGTGGTCCAAACTCTACCCC + - + + - - + NT NT NT NT NT NT NT 
AL2_27850 TCCACAGCTAAGGGACTAACCC AL2_25954 TGGCCTTTCAATTACACCCC + + + + + + + P P P P P M MLP 
AL2_28166 CTGAGATGCAACCATGTCCC AL2_11739 GCCAAAAGTAGGACGTTACAGG + + - - - - + NT NT NT NT NT NT NT 
AL2_28335 GGGTGACTTCACGTTTCAGC AL2_01489 TTTGGTAAATAGGGTCTTTGGG + + + + - - + P NT NT NT NT NT NT 
AL2_28502 ATCCAACCTCACCTCCTTGC AL2_12976 TTTTGCCAATTTCTTATTATCCTGC + + + + + - + P NT NT NT NT NT NT 
AL2_28575 AGACAGGGATCTGGAGAATGC AL2_12779 GTTTAGAAGGGGAGGTGGGC + + + + + + + NT NT NT NT NT NT NT 
AL2_28600 CTTCTCTGAATCAACTGCCAGC AL2_17977 GCAGTAAGCATTTGCTGCCC + + + + + + + P NT NT NT NT NT NT 
AL2_28800 GCTATTCCTGGCCATGTACC AL2_09002 AACTGTATGGTACCAAAATGTATGC + + + + + + + P NT NT NT NT NT NT 
AL2_28805 CCTGATGGACAACACATGCC AL2_02065 AGTTCGTCCACGTCCTCTGC + + + + + + - P NT NT NT NT NT NT 
AL2_28856 TCCAACCTATTGAGCCACCC AL2_22791 TCTTCTAGGAGCCTGAGCCC + + + + + + + NT NT NT NT NT NT NT 
AL2_29159 TCACATACCCAGGTTGCAGG AL2_24945 TCAAGATCAGCACATTCCCC + + + - + + - P NT NT NT NT NT NT 
AL2_29507 GCTGGGACAGTTCAGGTTCC AL2_02049 TTTGGACAGCAAACCACTCG + + + + + + + P P P P P P M 
AL2_29909 TGATTTCTTGTGGAGAGCCG AL2_32895 AAGCCCAGGAGAGACAGCC + + + - + + + NT NT NT NT NT NT NT 
AL2_30236 CTTACCACTGTGTGGCCTCG AL2_03193 GGACCTCAATCCACTGAGCC + + + + + + + P NT NT NT NT NT NT 
AL2_32006 CGGTTTCTGGGCATTAGAGG AL2_18579 AAGAGCCAGCTTTGCTTTCG + + + + + - - P P P P P MLP MLP 
AL2_32411 TATTTGTGCATCCCAGGACC AL2_12706 TCGATTCAGGGTGAGTCAGG + - - - + + - NT NT NT NT NT NT NT 
AL2_32736 GGGAAATAGACCAAATGTAATGGC AL2_12812 GGTGTGTAGGCTTGTGGACG + + + + + + + NT NT NT NT NT NT NT 
AL2_32886 ACAGGTCTACAGGGCAACGC AL2_21299 GTCCACAGCAGGTAGAGGGG + + + + + + + P NT NT NT NT NT NT 
"+" product, "-" no product; "P" polymorphic, "M" monomorphic, "NT" not tested, "F" failed to amplify/peaks too small, "MLP" 674 
multiple peaks, or large amount of stutter around peak 675 
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Technologies in two 96-well plates, one containing all forward and another the matching- 676 
position reverse primers. This arrangement facilitated efficiently testing these loci across 677 
multiple species.  678 
Testing primers across species 679 
Initially, 96 microsatellite loci were tested for amplification on one individual of each of the 680 
following species: A. lituratus, A. planirostris, A. fimbriatus, A. phaeotis, E. hartii (previously A. 681 
hartii: Van Den Bussche et al. 1993), S. lilium and C. perspicillata (Table 2.2). These species 682 
were selected for testing because they represent a gradient of increasing genetic distance from A. 683 
lituratus (Baker et al. In press; Bininda-Emonds et al. 2007; Cooper & Purvis 2009; Jones et al. 684 
2002; Redondo et al. 2008) (Figure 2.1C). Genomic DNA was extracted from tissue samples 685 
with a QIAGEN DNeasy 96 Blood & Tissue Kit, following manufacturer‘s instructions. Average 686 
DNA concentration was 126 ng/L and most variation in concentration was found among 687 
individuals within a species, with the exception of A. planirostris, which had markedly lower 688 
DNA concentrations for all individuals than did the other species. However, we felt that DNA 689 
concentrations were sufficient in all cases to allow for successful amplification of microsatellite 690 
loci and DNA concentrations were not equalized across taxa. Though it is possible that this 691 
created variation in the strength and clarity of the PCR product, it is unlikely that it would result 692 
in failure to amplify. Consequently, this variation in DNA concentration would not influence 693 
subsequent analyses based on amplicon presence/absence data.  694 
We used a step-down thermocycler profile. Thermocycler settings for polymerase chain 695 
reaction (PCR) were as follows: 94°C (5 min), then 10 cycles at 94°C (30 s) / 60°C (45 s) / 72°C 696 
(60 s), bumping down 1°C every cycle, followed by 25 cycles at 94°C (30 s) / 50°C (45 s) / 72°C 697 
(60 s), and a final extension at 72°C for 10 minutes. No other thermocycler conditions were 698 
tested. Each locus was amplified using PCR in a final volume of 20 L with the following 699 
components: 1 L of 25-360 ng/L DNA template, 1 μL of 1.5 U Taq DNA polymerase, 1 μL of 700 
20 M forward and reverse primer each, 0.96 μL of 25 nM MgCl2, 2 μL of 10x PCR buffer, 0.4 701 
μL of 10 nM dNTP, and autoclaved Nanopure H2O to reach final volume. Amplification status 702 
was assessed based on the presence of a visible band between roughly 100-1000 bp, as 703 
determined by running ~10 μL of PCR product on a 2% agarose gel (250 volts, 25 minutes). We 704 
used 0.7 μL of New England Biosystems 100 bp DNA ladder (Catalogue no. N3231L) to assess 705 
product size. 706 
We did a Ward‘s Hierarchical Clustering Analysis to determine species similarity based 707 
on 96 loci tested for amplification. We used a measure of distance (Euclidean) that weights 708 
similarly the common amplification of a locus between species pairs, as well as common failure 709 
to amplify at a given locus. This is relevant because not all loci amplified equally in all species; 710 
for example, while ≥66 loci amplified in each of the seven species, only 46 loci commonly 711 
amplified in every species (i.e. never failed to amplify in any of the species for which they were 712 
tested). Euclidean distances were calculated based on a matrix of the 96 primers (rows) by 7 713 
species (columns), where ―Product‖ was given a value of ―1‖ and ―No product‖ a value of ―0‖. 714 
This pair-wise distance matrix was then used to group species based on a Ward‘s hierarchical 715 
cluster analysis in R (R-project 2008), with significance determined by running a bootstrap 716 
analysis using the package ‗pvclust‘ with 10,000 re-samplings (Suzuki & Shimodaira 2009). 717 
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Table 2.2. List of specimens used for testing microsatellite loci for amplification and polymorphism. Information presented includes 718 
identification (museum tissue number), concentration of genomic DNA (ng/uL), location of specimen collection, species, and species‘ 719 
relationship to Artibeus lituratus. All tissues and associated specimens came from the LSU Museum of Natural Science. Samples 720 
tested for PCR product with 96 microsatellite loci are indicated with ―+‖ and those that were not used are indicated with ―-‖. All 721 
samples were genotyped to determine polymorphism. The number in parentheses indicates for how many loci this was done.  722 
Tissue ID gDNA Collection location Spp. Relationship to A. lituratus Ampl.  Polym. 
M-9487 112 Paraguay, Itapua Dpt. A. fimbriatus Same subgenus (Artibeus) -  (20) 
M-9619 107 Paragauy, Canindeyu Dpt. A. fimbriatus Same subgenus (Artibeus) -  (20) 
M-9732 366 Paraguay, Alto Paraná Dpt. A. fimbriatus Same subgenus (Artibeus) +  (20) 
M-9561 117 Paragauy, Canindeyu Dpt. A. lituratus NA -  (52) 
M-9750 90 Paraguay, Concepcion Dpt. A. lituratus NA -  (52) 
M-9633 180 Paraguay, Caaguazu Dpt. A. lituratus NA +  (52) 
M-9916 145 Argentina, Misiones Province A. lituratus NA +  (52) 
M-2557 85 Costa Rica, Puntarenas Province A. phaeotis Different subgenus (Dermanura) -  (20) 
M-2558 72 Costa Rica, Puntarenas Province A. phaeotis Different subgenus (Dermanura) -  (20) 
M-2556 95 Costa Rica, Puntarenas Province A. phaeotis Different subgenus (Dermanura) +  (20) 
M-1714 29 Peru, Loreto Dpt. A. planirostris Same subgenus (Artibeus) -  (20) 
M-5929 27 Peru, Loreto Dpt. A. planirostris Same subgenus (Artibeus) -  (20) 
M-5926 53 Peru, Loreto Dpt. A. planirostris Same subgenus (Artibeus) +  (20) 
M-9488 79 Paraguay, Itapua Dpt. C. perspicillata Different subfamily (Carolliinae) -  (20) 
M-9683 113 Paraguay, Caaguazu Dpt. C. perspicillata Different subfamily (Carolliinae) -  (20) 
M-9321 151 Paraguay, Alto Paraná Dpt. C. perspicillata Different subfamily (Carolliinae) +  (20) 
M-1068 151 Peru, Lambayeque Dpt. E. hartii Closely-related genus (Enchisthenes)  -  (20) 
M-920 112 Peru, Lambayeque Dpt. E. hartii Closely-related genus (Enchisthenes)  -  (20) 
M-919 216 Peru, Lambayeque Dpt. E. hartii Closely-related genus (Enchisthenes)  +  (20) 
M-9450 114 Paraguay, Itapua Dpt. S. lilium Same subfamily (Stenodermatinae) -  (20) 
M-9649 122 Paraguay, Caaguazu Dpt. S. lilium Same subfamily (Stenodermatinae) -  (20) 




A subset of 52 microsatellites, selected because they produced a single strong, clear band 
of PCR product in the test for amplification in A. lituratus, were then genotyped for four A. 
lituratus individuals to determine if loci were polymorphic. Twenty of these loci were arbitrarily 
selected for screening in three individuals from each of the remaining six related species (Tables 
1 & 2). All microsatellite primers selected for genotyping used M13 universal primers (Schuelke 
2000) and the same PCR conditions described above, with the addition of M13 fluorescently 
labeled universal primers (when applicable: either FAM, HEX or NED), and the following 
modification: Schuelke (2000) suggests that the reverse and universal M13 primers be used in 
equal proportions, while the forward primer with the M13 tail be used at a fourth of the volume 
of the other two primers (1:1: 0.25). This suggestion was followed, and 0.25 μL of 20 M 
forward and 1 μL each of 20 M reverse primer and 20 M M13 fluorescently labeled universal 
primers were used for all reactions. The addition of a M13 tail to the forward primer in a few 
cases resulted in loci no longer amplifying. PCR product was duplexed for genotyping in the 
case of A. lituratus (FAM/NED or FAM/HEX labeled primers genotyped together). Each sample 
was genotyped using a 3130XL Genetic Analyzer (Applied Biosystems) at the LSU Genomics 
Facility, with ROX 400 Ladder (Applied Biosystems). Allele sizes were determined in 
GeneMapper version 4.0 (Applied Biosystems).  
Results 
Primer development 
The sequencing of A. lituratus resulted in 115,417,777 bp of raw sequence data, of which 1.01 x 
10
8
 bp represented unique sequence: we found 255,065 unique reads out of 295,660 total reads, 
and an average read length of 397 bp (maximum: 768 bp, minimum: 40 bp: McCulloch & 
Stevens 2011, Appendix S1). Microsatellite loci were found in 30100 (~10%) reads, of which 
2,946 were compound and 751 were broken. The numbers of reads containing loci of each repeat 
motif size were as follows: 7,500 di-nucleotide, 4,470 tri-nucleotide, 17,751 tetra-nucleotide, 
2,569 penta-nucleotide, and 955 hexa-nucleotide; 19,395 reads had suitable flanking regions for 
designing primers (McCulloch & Stevens 2011, Appendix S2). Included in the Appendix of 
McCulloch & Stevens (2011) is a table with information on every microsatellite locus for which 
forward and reverse priming sites could be developed. Also included is a file containing the 
entire sequence database obtained from the 454 run; each read is tagged with the same unique 
sequence identifier referred to in the table of microsatellite loci for which primers were 
developed.  
Testing primers across species 
The majority of the 96 microsatellite loci for which primers were ordered amplified in all species, 
and there were no strong differences in amplification success for different repeat motif types (di-, 
tri-, etc.). The percent of the 96 loci for which there was visible product for each species is as 
follows: A. lituratus (93.8%), A. planirostris (84.4%), A. fimbriatus (90.6%), A. phaeotis 
(68.8%), E. hartii (82.3%), S. lilium (81.3%) and C. perspicillata (78.1%) (Figure 2.1B). There 
is a trend towards decreasing PCR product with increasing genetic distance from A. lituratus, 
with the exceptions of A. fimbriatus and A. phaeotis. A. fimbriatus is more distantly related to A. 
lituratus than is A. planirostris (Redondo et al. 2008), yet it shows the most similar pattern of 
microsatellite amplification (Figure 2.1B & C). Moreover, when common amplification status 
(product, no product) is accounted for in a Ward‘s hierarchical clustering analysis based on 




value < 0.05) but the other species clusters are not as well-supported (Figure 2.2). The other and 






















Figure 2.1. Panels A and B show results of tests for polymorphism and amplification, while 
Panel C shows evolutionary relationships between species; columns for Panels A and B 
correspond to species nodes in Panel C. (A) Fifty-two microsatellite loci were screened for 
polymorphisms across a panel of four A. lituratus. Twenty of those loci were arbitrarily chosen 
to genotype three individuals per species for each of the six con-familial species. A key indicates 
the number of loci which were (i) polymorphic, (ii) monomorphic, (iii) polymorphic with either 
large amounts of stutter around the peak or which had multiple peaks, and (iv) those which failed 
to amplify. (B) Proportion of 96 microsatellite loci with PCR product for each of the seven 
species tested. Amplification status was determined based on the presence of a band between 
~100-1000 bp, as visualized on a 2% agarose gel. Number of loci with PCR product is as 
follows: A. lituratus (90), A. planirostris (81), A. fimbriatus (87), A. phaeotis (66), E. hartii (79), 
S. lilium (78) and C. perspicillata (75). (C) Topology of species relationships: numbers at nodes 
are estimates of time since divergence in millions of years, based on Bininda-Emonds et al. 
(2007). Species abbreviations: A. lituratus "Alit", A. planirostris "Apla", A. fimbriatus "Afim", A. 





















Figure 2.2. Ward‘s Hierarchical Clustering Analysis run to determine similarity between seven 
species based on tests for amplification. AU (approximately unbiased) p-values (%) are given 
above each cluster and were computed by 10,000 bootstrap re-sampling runs. Clustering done in 
R with the ―pvclust‖ function (Suzuki & Shimodaira, 2009) using Euclidean distances. A. 
lituratus and A. fimbriatus cluster together with statistical significance. 
Selections of microsatellite loci were further screened for polymorphisms in either three 
or four individuals each: four A. lituratus individuals were genotyped for 52 microsatellite loci, 
and three individuals per species for the other six species were genotyped at 20 loci each (Figure 
2.1A). We characterized the number of loci that contained polymorphisms, although not the 
number of alleles found for each loci. We found evidence for multiple alleles in 86.5% of the 
loci tested for A. lituratus and 85% of loci tested for A. fimbriatus. A. planirostris and E. hartii 
also exhibited polymorphisms at many loci (80%, for both: Figure 2.1A). We found 
polymorphisms in only 60% of the loci genotyped for A. phaeotis and in 50% of those genotyped 
for S. lilium. C. perspicillata, the most distantly related species represented here, was 
polymorphic at only 25% of the loci tested. C. perspicillata also had many monomorphic loci 
(35% of the 20 loci tested), followed by S. lilium (20%) and A. phaeotis (20%). The remaining 
species had fewer apparently monomorphic loci (A. planirostris: 15%, A. fimbriatus: 10%, E. 
hartii: 10%), particularly A. lituratus (7.7%). Among the loci that were genotyped, C. 
perspicillata also had the most loci which failed to amplify (20%). There were progressively 
fewer such failures as we moved from species distantly related to A. lituratus to those more 
closely related to A. lituratus: S. lilium (15% failure rate), E. hartii (10%), A. phaeotis (10%), A. 
fimbriatus (5%), A. planirostris (5%) and A. lituratus (1.9%). A small number of failures was 
expected, even though we were genotyping loci that previously successfully amplified, due to the 
addition of an M13 tail to the forward primer. Only four species had loci that, while clearly 
polymorphic, also had either pervasive stutter (PCR induced artifacts, potentially correctable 
downstream with programs like Micro-Checker: Van Oosterhout et al. 2004) around the allele or 
had multiple (>2) peaks for a single individual (non-specific amplification): A. lituratus (3.8% of 
52 loci tested), A. phaeotis (10% of 20 loci), S. lilium (15% of 20 loci) and C. perspicillata (20% 
of 20 loci). Microsatellites falling into this category would be unsuitable for use unless the 





Detection of large numbers of microsatellite loci using second-generation sequencing is now not 
only rapid, but also cost and time effective and becoming more so. We were able to develop 
primers for 19,395 loci, of which 2,539 met the following criteria, namely that the forward and 
reverse primers occur only once (and together) in all reads, and that loci must contain at least six 
tandem repeat units. Given our lab facilities, we were able to do so in less than two weeks (not 
including wait time for the 454 sequencing). The gDNA used here represented a random 
sampling of the A. lituratus genome, and subsequent selection of loci using Primer_Designer was 
unbiased and included all possible repeat motifs from di-nucleotide (four possible unique 
combinations: AT, CG, AC, TC) through hexa-nucleotide (350 unique combinations). While 
ascertainment bias is avoided in the initial development of loci, our choice of longer 
microsatellites (>50 bp) for downstream testing could result in preferential selection for highly 
polymorphic microsatellites, if longer microsatellites have higher mutation rates (Ellegren 2004). 
Loci for which we ordered primers amplified very well for all seven species we tested, with no 
necessary troubleshooting to determine the optimal thermocycler and PCR conditions for any 
particular marker. It is worth noting that although the step-down thermocycler profile (dropping 
through a 10 degree range of annealing temperatures) we used is appropriate for simultaneously 
testing a selection of primers with different annealing temperatures, it probably influenced 
primer site binding specificity and amplification success. Because there was little need to 
troubleshoot, testing seven species for amplification (96 loci) and polymorphism (52 or 20 loci) 
took less than ten days, including time for DNA extractions. Importantly, this was accomplished 
using bats, whose genomes are considered to be relatively deficient in microsatellites (Van den 
Bussche et al. 1995). 
It was surprising that microsatellite loci developed for A. lituratus amplified so 
successfully across species not only within the same genus, but also within the same subfamily 
and family. Results of other studies led us to expect >50% amplification success: for example, 
Ortega et al. (2002) screened for cross species amplification of A. jamaicensis microsatellite loci 
in C. perspicillata, and found that nine of fourteen loci amplified (64%), although only one of 
those was polymorphic (7%). We found that C. perspicillata, the most distantly related of the 
species we tested, showed an almost 80% amplification success rate. When testing for 
polymorphisms the results were less pronounced but still promising, with most species tested 
being polymorphic for 80% or more of the loci tested. Even S. lilium, a distantly related genus 
within the same subfamily as A. lituratus, was polymorphic for half of the loci tested. C. 
persicillata showed the poorest success in general, yet even it was polymorphic for 25% of 
markers tested. Given that 2,539 loci of the >19,000 for which we developed primers met our 
conservative criteria—and if we assume rates of amplification and polymorphism seen in tested 
loci are representative—then we could expect almost 2,000 microsatellite loci out of the 
published dataset to amplify for C. perspicillata and nearly 500 of those to be polymorphic. It 
should also be noted that the estimates of polymorphism reported here are probably conservative: 
four individuals were tested for A. lituratus, and only three for the other species. As a result, only 
the most variable markers would have been detected as polymorphic. Nevertheless, even testing 
only one set of PCR conditions (albeit with a ―step-down‖ thermocycler protocol) for only 
ninety-six of the microsatellite loci reported here, we could have obtained roughly nineteen 
polymorphic microsatellite markers for the most distantly related species tested (C. perspicillata) 
and many more for the others. It is worth mentioning that in our tests of cross-species 




product being amplified. However, when genotyping we found alleles were very similar in size 
to what we expected based on sequence data from A. lituratus.  
We also found that A. phaeotis was a strong outlier in our analyses. It showed the lowest 
rate of successful amplification of all species tested, including species with much greater 
divergence times from A. lituratus (Figure 2.1C), and the number of polymorphic loci was low, 
although A. phaeotis had more polymorphic loci than did C. perspicillata or S. lilium. We 
initially considered that this might have been due to the quality or quantity of gDNA; however, 
species with both lower quantities and quality of gDNA (A. planirostris) showed no apparent 
problems with amplification. Furthermore, the amounts of gDNA used should have been more 
than sufficient for successful amplification and genotyping (Table 2.2). It is possible that this 
species has either undergone rapid evolution in or loss of sequence regions or priming sites. 
More investigation would be needed to determine why relatively few loci amplified successfully 
or were polymorphic when genotyped in A. phaeotis.  
An unexpected result was the presence of more than double the number of tetra-
nucleotide repeats as compared to di-nucleotide repeats present in our sequence data. Castoe et al. 
(2010) found similar results with the copperhead snake, Agkistrodon contortrix. We do not have 
an explanation for this finding, though it would be interesting to investigate why some repeat 
motifs are more common than others, and whether those trends differ among groups of species.  
The methods for developing microsatellite markers described in this and other recent 
papers are increasingly useful in answering a wide range of questions for non-model organisms. 
For example, Abdelkrim et al. (2009) successfully developed microsatellite loci for New 
Zealand's endangered blue duck (Hymenolaimus malacorhynchos), a species of particular 
interest in conservation research because it had undergone recent reductions in range, population 
size, and possibly genetic diversity due to habitat destruction. Since Abdelkrim et al. published 
in 2009, sequencing technology and bioinformatics readily available to researchers have 
continued to improve, making it possible to develop many more markers (Castoe et al. 2010) 
even for species known only from fossils (Allentoft et al. 2009). Our focal species, A. lituratus, 
is a widespread species distributed from southern Mexico to northern Argentina; the markers we 
develop here will be used to investigate determinants of population genetic structure in regions 
where relatively recent habitat destruction has resulted in highly fragmented landscapes. These 
studies provide examples of developing microsatellites with high-throughput methodologies, as 
well as some possible uses for resultant loci, which can range from investigating extinct species 
and taxa of conservation interest, to asking questions more traditional to population or landscape 
genetics.  
The approach illustrated here is not only efficient for producing an abundance of markers 
for the focal species, but also was reasonably successful at obtaining markers for many related 
species. Testing a panel of markers across related species also permits selecting markers which 
have priming sites conserved across a panel of focal species, therefore facilitating the study of 
multiple related species with one set of markers. In addition, a great deal more can be done with 
the microsatellite loci and primers published here, both in terms of developing these markers 
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CHAPTER 3. FRAGMENTATION OF ATLANTIC FOREST HAS NOT AFFECTED 
GENE FLOW OF A WIDESPREAD SEED-DISPERSING BAT 
Introduction 
Anthropogenically driven changes to ecosystems are pervasive and major threats to biodiversity 
(Fischer & Lindenmayer 2007; Frankham 1995). In the tropics, habitat destruction and 
fragmentation are exerting a particularly heavy toll on some of the most diverse terrestrial 
ecosystems (Hubbell et al. 2008; Laurance et al. 2001). Fragmentation can have significant 
consequences for populations. For example, fragmented landscapes typically have more edge, 
fewer resources, and potentially poor-quality or altered habitat due to human and invasive 
species incursions (Harrison & Bruna 1999). Additionally, fragmentation can modify dispersal 
(Hanski 1999; Prugh et al. 2008), which is essential for preventing extinction of declining 
populations (rescue-effects; Brown & Kodric-Brown 1977) or can help maintain high local 
abundance (mass-effects; Shmida & Wilson 1985). Population connectivity can also be an 
important determinant of genetic diversity and local adaptation (e.g. Petren et al. 2005). 
However, consequences of fragmentation on populations depend on the environmental, temporal, 
and spatial context in which it occurs, and the traits of species experiencing it (Fischer & 
Lindenmayer 2007). A more generalized understanding of effects of habitat fragmentation may 
be possible (Didham et al. 2012) but more research is required to reveal trends in species 
responses that correspond in predictable ways with aspects of life history, behavior, or 
physiology.  
For flying (volant) animals, maintenance of population connectivity in fragmented 
landscapes is often expected because of high dispersal potential, but species do not consistently 
conform to these expectations (e.g. Martínez-Cruz et al. 2007). Within particular taxa such as 
birds or bats, species demonstrate considerable variation in their responses to habitat 
connectivity and resource availability, sometimes notably affected by one, both, or neither (e.g. 
Bierregaard & Stouffer 1997; Cosson et al. 1999; Meyer et al. 2008). Studies have also found 
genetic structure (reflecting restricted gene flow) in non-migratory (e.g. Rivers et al. 2005; 
Rossiter et al. 2012; Worthington Wilmer et al. 1999), and some migratory bat species (e.g. 
Castella et al. 2000; Miller-Butterworth et al. 2003; Petit & Mayer 1999), illustrating potential 
for restricted movement even in volant animals.  
Understanding responses of highly-mobile pollinators and seed dispersers is especially 
important because they can influence plant population dynamics in fragmented landscapes 
(Medellin & Gaona 1999; Quesada et al. 2003), especially in the tropics where a large number of 
tree species depend on animals for reproduction (Dirzo et al. 2011). In the Americas, at least 549 
plant species (191 genera, 62 families) have seeds dispersed by bats (family Phyllostomidae; 
Lobova et al. 2009), and Neotropical bats are also known to pollinate flowers of at least 360 
plant species (159 genera, 44 families: Fleming et al. 2009). In addition, plant-visiting bats are 
often the most abundant mammal species in the tropics (Patterson et al. 2003). Consequently, the 
effect of habitat perturbations on bats is important not just for bat population viability, but also 
has implications for connectivity and maintenance of many plant populations (Kunz et al. 2011). 
Yet, in the field of fragmentation-research bats are far less studied than their primary volant 
vertebrate counterpart, birds. Some research indicates that bats experience demographic 
fluctuations and changes in community composition in response to fragmentation (Fleming 
1988; Gorresen & Willig 2004; Meyer & Kalko 2008). However, information about movement 
potential in fragmented landscapes is lacking, particularly for seed and pollen-dispersing species 




To study movement of small animals over large spatial scales, it is not generally feasible 
to use mark-recapture or radio-tracking (Burland & Wilmer 2001). By analyzing genetic 
variation in a landscape context, insight can be gained into patterns of individuals’ movements 
and population connectivity (Manel et al. 2003). One challenge for studying effects of 
fragmentation on mobile species is having sufficient power to detect a population genetic 
signature of recent historical processes (but see Epps et al. 2005; Pavlacky et al. 2009; 
Segelbacher et al. 2008), where detection depends on factors including number and variability of 
genetic markers, effective population size, and degree of reduction in gene flow. Recent 
technological advances are helping to meet these challenges. Second-generation sequencing 
makes it possible to obtain large quantities of genetic information and facilitates marker 
development in non-model organisms, which can significantly increase power to observe even 
small and recent effects of population subdivision (Abdelkrim et al. 2009). Moreover, 
computational advances have made the use of computer simulations and randomization models 
much more widespread in ecological (e.g. Tello & Stevens 2012) and evolutionary research (e.g. 
Jaquiery et al. 2011). Simulations can illuminate the processes that drive patterns in empirical 
data (Epperson et al. 2010) and determine detection limitations (Balkenhol et al. 2009), 
including the (sometimes short) time lapse required to detect landscape effects on spatial genetic 
structure (e.g. Cushman & Landguth 2010).  
In this study, I determine whether recent and broad-scale habitat fragmentation has 
caused population subdivision in a Neotropical seed-disperser: Artibeus lituratus (Chiroptera: 
Phyllostomidae). This is accomplished by two means. First, population genetic structure is 
compared between a highly fragmented landscape and a region of minimally disturbed, 
continuous forest. Observed structure within the fragmented landscape is also compared with 
expected levels of structure in simulated landscapes under different degrees of reduction in 
migration. If fragmentation has had an effect on population genetic structure, then 1) higher 
levels of population differentiation and stronger isolation-by-distance among sub-populations 
should be detected in the fragmented forest landscape relative to the continuous forest landscape, 
and 2) genetic structure in the fragmented landscape should be similar to structure of simulated 
landscapes where dispersal has been considerably reduced.  
Methods 
Study system and field work  
Bats were sampled at 15 sites in Paraguay and 5 sites in the Misiones Province of Argentina 
(Table A.1, Figure 3.1). In the last sixty years, Paraguayan Alto Paraná Atlantic forest (APAF) 
has been rapidly deforested (Facultad de Ingenieria Agronomica 1994; Hansen et al. 2008), and 
what remains is highly fragmented (Figure 4.1). With only ~7-16% of its original total expanse 
remaining, Atlantic forest is among the most endangered forest types today (Ribeiro et al. 2009). 
This is of special concern considering the high levels of biodiversity and endemism found therein, 
leading to its inclusion in multiple global priority lists proposed by conservation organizations 
(Brooks et al. 2006). APAF sites within Paraguay are embedded in a mosaic of single-family 
farms, plantations (primarily soybeans: Glycine max) and ranchland, with APAF forest patches 
ranging from <100 to 67,000 hectares (Di Bitetti et al. 2003). Approximate site areas are found 
in Table A.3. In contrast, Misiones possesses over a million hectares of roughly contiguous 
forest. Together these landscapes provide a natural-experimental setting to understand 
mechanisms shaping population response in the aftermath of rapid landscape fragmentation over 






On average, genetic data came from 27 (range: 19-41) adult A. lituratus per site. Tissue 
samples were obtained from each bat (liver/kidney or wing membrane preserved in 95% EtOH). 
Supplementary methods (Appendix A) contain details on collection, handling, and disposal of 
specimens.  
Figure 3.1. A. lituratus’ distribution in South America (light grey lines) and the historical extent 
of Atlantic forest (dark grey) are indicated in the left panel. Data obtained from Nature Serve 
(www.natureserve.org; Patterson et al. 2007) and WWF’s Global 200 Ecoregions 
(www.worldwildlife.org), respectively. Sites in the continuous (black triangles) and fragmented 
(circles) landscapes are shown, as are ―best frag." sites (black circles). Set ―best frag.‖ contains 
fragmented sites that best matched geographic distances and sample size (n=5) of the continuous 
sites. Maps composed in ArcMap v9.2 (ESRI 2006). 
DNA extraction and genotyping 
Genomic DNA was extracted with a QIAGEN DNeasy Blood & Tissue Kit, following 
manufacturer’s instructions. Five hundred and forty-five bats were genotyped at 15 microsatellite 
loci: 3 originally developed for A. jamaicensis (Ortega et al. 2002), and 12 developed 
specifically for A. lituratus (McCulloch & Stevens 2011). Thermocycler settings, polymerase 
chain reaction (PCR) conditions and genotyping and scoring information are given in Table A.2 
and supplementary methods (Appendix A).  
Significant deviations from Hardy-Weinberg equilibrium (HWE) and linkage 
disequilibrium were tested at each locus for each sampling site in Genepop v4.0.10 (Raymond & 
Rousset 1995) using a Monte Carlo Markov chain (MCMC) method (10000 dememorizations, 
1000 batches, 10000 iterations-per-batch) following the algorithm of Guo & Thompson (1992). 
To determine significant departure from HWE, a sequential Bonferroni correction was applied to 
maintain an experiment-wise error rate of 0.05. Expected (HE) and observed heterozygosity (HO) 
per locus, and allelic richness per locus and per site, were calculated in the R package ―adegenet‖ 













































Extractions from liver/kidney typically yielded 22 micrograms (mg) DNA, while wing 
membrane extractions (sites KaiR [19 bats] and Moro [13 bats]) had much lower yield (2-3 mg). 
Bats yielding too little DNA could not be genotyped at all loci. Particularly, genotyping was 
incomplete for locus AjA80 at KaiR and Moro. These missing data could result in inflated or 
incalculable values of genetic structure for those sites at locus AjA80. Rather than remove an 
entire locus due to missing data for 2 of 20 sites, missing data for locus AjA80 were replaced 
with alleles randomly chosen from the global pool of AjA80 alleles, where the probability of 
being chosen corresponded to the allele’s global frequency (across all sites). This procedure did 
not generate artificial structure (details in Appendix A methods, Figure A.2).  
Bayesian analyses 
We performed Bayesian clustering analyses in Structure (Pritchard et al. 2000) and the R 
package ―Geneland‖ (Guillot et al. 2005) to assess genetic structure and estimate the most likely 
number of populations (clusters: ―K‖) without defining populations a priori. Bayesian methods 
tend to overestimate K when there is strong isolation-by-distance (Safner et al. 2011), and often 
fail to identify populations with low genetic differentiation, such as FST <0.05 (Guillot 2008). 
Only one genetic cluster was found, which could indicate either weak genetic structure between 
sites or panmixia (see Appendix A for details).  
Genetic differentiation 
To determine if weak but significant genetic structure characterized the fragmented landscape, I 
utilized traditional population-based analyses. Individuals were grouped a priori based on 
sampling locality (sites), and multiple metrics of genetic differentiation were utilized to assess if 
sites represented seperate populations and if there was isolation-by-distance among them. Two 
types of measures were used to characterize population structure in the study system: 1) pairwise 
genetic distances using chord distance Cavalli-Sforza & Edwards (CSE: Cavalli-Sforza & 
Edwards 1967) and principle component analysis (PCA: Legendre & Legendre 1998); and 2) 
pairwise genetic differentiation using FST (Weir & Cockerham 1984) and Jost’s-D (Jost 2008).  
CSE and FST (Weir & Cockerham estimator) were calculated in Genetix (Belkhir et al. 
1996-2004 ). Statistical significance was determined by comparing the observed value of the 
estimator to the distribution of the estimator obtained by performing 5000 random permutations 
of the data set, under the null hypothesis of HWE. Jost’s-D was calculated in the R package 
―DEMEtics‖ (Gerlach et al. 2010) using the sample bias correction proposed by Jost (2008). 
Statistical significance of Jost’s-D values was determined by comparing the empirical value to a 
null distribution produced by randomly assigning alleles across populations 1000 times.  
PCA distances were calculated in a multivariate space defined by a principal component 
analysis for genetic data. Before running the PCA, genotypic data were transformed into an allele 
frequency matrix (i.e., rows were individuals, columns were alleles) in ―adegenet‖ (Jombart 
2008), and frequencies were centered and standardized. Missing data for each locus were 
replaced with the mean global allele frequency (Jombart 2011). Each PC accounted for little co-
variation among alleles in the dataset, suggesting that allele frequencies were largely 
uncorrelated. To define the genetic multivariate space, the first 125 PC axes (out of 250) were 
kept, reducing the dimensionality of the data by half, while maintaining the majority of genetic 
variation (80%). Population centroids in the multivariate space defined by the selected PCs were 




between centroids using function ―dist‖ (with Euclidean distance) in R package ―stats‖ (R-
project 2011).  
Comparison of genetic structure in fragmented and continuous landscapes 
If fragmentation was reducing gene flow between sites, then I might expect a steeper increase in 
genetic differentiation for a given geographic distance across a fragmented landscape than across 
continuous forest. This effect of fragmentation should be indicated by stronger ―isolation-by-
distance‖ [IBD] in the fragmented than in the continuous landscape, and can be evaluated by 
comparing the relationship between genetic and geographic distances in both landscapes using 
Mantel tests. Alternatively, even if no IBD is found in either landscape or the same IBD is found 
in both landscapes, effects of fragmentation could be evidenced by higher average genetic 
distances in the fragmented landscape. In other words, fragmentation might be causing greater 
genetic differentiation independently of the effect of geographic distance. This expectation can 
be tested comparing genetic distances between fragmented and continuous sites using the 
PERMDIST procedure (see below).  
To compare IBD in continuous and fragmented landscapes, Mantel tests (Goslee & 
Urban 2007) were used to correlate pairwise genetic distances (Jost’s-D, FST/(1-FST), CSE, and 
PCA) with pairwise geographic distances (Table 3.1). This was first done for all sites (―all‖, 
n=20) and for all fragmented sites (―all frag.‖, n=15) to evaluate whether any evidence for IBD 
was detected in the dataset. However, because the number of sites and the geographic area of 
both landscapes was different, the IBD prediction was tested by comparing continuous sites (―all 
cont.‖) to a subset of the fragmented landscape sites (―best frag.‖: Itab, Limo, Maha, Piky, & 
Tati: see Table A.1 for site abbreviations). The set ―best frag.‖ contained 5 fragmented sites that 
best matched the pairwise geographic distances among the 5 continuous sites, were of the same 
sample size (n=5, each) and were spatially proximate to the continuous set (minimizing 
differences from regional environmental variation). Statistical significance of the Mantel’s r (rM) 
statistic was determined based on 5000 random matrix permutations, and using an alpha of 0.05 
in a two-tailed test. If there were significant IBD for sets ―all cont.‖ or ―best frag.‖, a difference 
in IBD between the two would be determined by the overlap of 95% confidence limits (CL) 
around each rM. CL were created by bootstrapping data 5000 times (Mooney & Duval 1993).  
To compare the average genetic structure between fragmented and continuous landscapes 
I used procedure PERMDIST (Anderson 2006), a technique that has been used in community 
ecology to compare differences in species composition among sites using measures of ecological 
dissimilarity (e.g. Chase 2010). This technique transformed genetic distances between sites 
within a group to genetic distances between each site and the group centroid (the ―average‖ site). 
It then compared whether distances to the centroid in one group were larger or smaller than the 
distances of sites in a different group to their corresponding centroid. In this case, the analysis 
compared whether distances of fragmented sites to the fragmented centroid were larger than 
distances of continuous sites to the continuous centroid, testing whether sites in the fragmented 
landscape were more genetically dissimilar from one another (i.e., larger distances) than were 
sites in the continuous landscape. For statistical significance either a parametric F-test or a 
permutation procedure could be used. Both approaches led to identical conclusions, so only p-
values based on 5000 permutations are presented. This comparison was also based on the ―all 
cont.‖ and ―best frag.‖ groups of sites for the reasons outlined above. PERMDIST analyses were 
conducted in R using the functions ―betadisper‖ and ―permutest.betadisper‖ in ―vegan‖ (Oksanen 




Table 3.1. Pairwise geographic distances between sites in meters. Sites situated in continuous forest (Misiones, Argentina) are Igz1, 
Igz2, Igz3, Urug, and Yate. Five fragmented landscape (Paraguay) sites used for comparison to continuous sites are Itab, Limo, Maha, 
Piky, and Tati. 
  Arak Cara Cerr Guyr Igz1 Igz2 Igz3 Itab KaiR Limo Maha Mba1 Mba2 Moro Piky Salt Tapy Tati Urug Yate 
Arak   125200 262892 220232 169620 176922 172177 107283 153623 118246 149587 46813 65357 24601 131759 142100 192939 137275 205171 218719 
Cara     347241 277043 145522 152322 141272 83053 225538 42676 134411 117638 106914 108185 92717 36752 254691 111880 166163 169328 
Cerr       444802 432510 439810 434917 367175 121810 364223 412472 237702 241821 286721 391707 336864 418494 399521 467905 480828 
Guyr         160465 159101 169130 194908 360919 237415 156957 266764 283065 209478 194175 311994 27609 175897 177361 194770 
Igz1           7660 8772 72557 320231 103221 20215 201122 206305 145965 53589 182035 147736 36781 36644 53448 
Igz2             11886 80181 327765 110186 27342 208724 213963 153361 60832 188735 147603 44388 30541 48290 
Igz3               71827 321582 99424 24957 202042 206325 148196 50854 177546 156508 36334 32996 48004 
Itab                 251427 42548 56203 131448 134615 82688 24612 119247 173744 35804 103570 114309 
KaiR                   244301 300719 120007 121120 175278 275554 215511 333400 285447 354274 365736 
Limo                     91738 127048 123253 95899 50084 79425 216253 69206 126136 131464 
Maha                       182002 187995 126085 41959 171163 141173 22537 56725 72827 
Mba1                         21487 60471 155548 122127 239562 165780 234557 245749 
Mba2                           73973 157716 105999 256152 170037 238151 247959 
Moro                             107158 129984 182815 112979 181184 194421 
Piky                               129438 175562 19548 80877 90357 
Salt                                 288956 148631 201355 203264 
Tapy                                   158231 169504 187792 
Tati                                     68827 81449 
Urug                                       18880 




Comparing genetic structure between empirical and simulated landscapes 
Dispersal of individuals in an artificial landscape was simulated with two main objectives: (1) to 
ascertain whether given genetic sampling and time since fragmentation it was possible to detect 
effects of reduced dispersal on current patterns of genetic structure (i.e., evaluate efficacy of the 
analyses); and (2) to derive an estimate of the minimum amount of migration among populations 
necessary to produce observed levels of genetic structure in the fragmented forest landscape. 
These spatially explicit simulations were performed using Easypop (Balloux 2001). Easypop 
models genetic exchange between populations resulting from different mating systems, and 
dispersal of varying frequencies and distances, while accounting for a number of other 
biologically meaningful parameters. Simulations were set to mimic conditions within the study 
system. When in doubt about a particular parameter value, a value was selected that would 
produce a conservative result (i.e., minimized the potential for genetic structure to arise). 
Number and location of simulated populations: Simulations included 15 populations 
corresponding to 14 fragmented sites and a combination of all continuous sites. Their spatial 
locations correspond to that of empirical (real) sites (Table A.3; Figure 3.1).  
Mating system: A polygynous mating system was simulated, which corresponds to the 
biology of A. lituratus (Sagot & Stevens 2012). Variation in male reproductive success due to 
polygyny tends to reduce effective population size, potentially increasing genetic structure. This 
can be offset by extra-harem copulations by subordinate males. Mating by subordinate males was 
set to 0.7 (70%) based on available information for Artibeus (Chaverri et al. 2008; Ortega et al. 
2008) and two other species (Heckel & Von Helversen 2003; Kerth & Morf 2004).  
Mutation rate and model: A high mutation rate (=0.001 per allele per generation) was 
chosen to minimize diversity loss and genetic differentiation. This is within the documented 
range of microsatellite mutation rates (Ellegren 2004). A single step mutation model (SSM) was 
simulated. 
Initial number of loci, alleles and population diversity: I simulated an equal number of 
loci as in empirical data analyses (n=14), and permitted 25 allelic states per locus—higher than 
the empirical average but within the empirical range (to account for potential downward bias in 
the empirical dataset due to sampling). Initial population diversity was set to maximal to 
simulate initial panmixia: alleles drawn from all possible allelic states were randomly assigned to 
genotypes of the first generation. 
Initial fragmented patch area and effective population size: Population sizes for 
reserves in Paraguay and Argentina are unknown. Nevertheless, rough yet realistic values can be 
developed. This was done by estimating historic site areas, and then calculating initial population 
sizes based on these forest-area estimates and estimates of bat density. The deforestation rate for 
Paraguayan APAF has been ~1,486 km
2
/year since the 1940s (data points span 1945-1997: 
Cartes 2003). I conservatively focused on deforestation only over the last 50 years. There are 
presently ~1,700,000 ha of Paraguayan Atlantic forest; given a site’s present area, the proportion 
of total forest a site represented was determined. Area for that same site in ~1960 was estimated 
by applying that proportion of present forest cover to amount of forest cover in the past 
(~7,430,000 ha), assuming an equal deforestation rate across Paraguay.  
Estimated population densities for Artibeus bats range from 2-7 bats/ha (Chaverri et al. 
2008; Gallo et al. 2010; Handley et al. 1991b; Leigh & Handley 1991). While 2 bats/ha is the 




conservatively used 4 bats/ha because A. lituratus is relatively abundant in the study region. Thus, 
initial population sizes (N) per site were calculated by multiplying historic patch area (in 
hectares) by 4. In turn, effective population sizes (Ne) per site were estimated by multiplying 
historic population sizes by 0.42 (calculated Ne/N ratio for a bat, Storz et al. 2001). Estimated 
area in 1960 and corresponding Ne for each simulated population can be found in Table A.3. 
Number of generations: Roughly 25 generations are estimated to have passed since 
fragmentation began, based on an average 2 year generation time. On Barro Colorado Island, 
Panama, Leigh & Handley (1991) calculated an average female lifespan of 1.6 years and 1.18 
offspring per lifetime for A. jamaicensis. While not a sister species, A. jamaicensis is similar in 
many aspects of behavior, body-size, and development to A. lituratus, so these estimates are 
expected to be applicable.  
Migration rates and distances: Multiple sets of simulations were run using different 
migration/dispersal rates: 0, 0.1, 0.3, 0.5, 0.7, and 0.9. Migration rates were intended to capture 
scenarios from total isolation (m=0) to essentially continuous forest (m=0.9). Simulations were 
also run using two contrasting dispersal distances selected to capture realistic upper and lower 
bounds for movement: 5km (home range, A. jamaicensis, Handley et al. 1991a) and 30km 
(longest recorded dispersal distance for A. lituratus, Menezes Jr. et al. 2008).  
Migrating sex: In polygynous mammals, males tend to disperse more and females tend 
to be more philopatric (Greenwood 1980; McCracken & Wilkinson 2000), although exceptions 
are not unusual (e.g. Dechmann et al. 2007). However, modeling the dispersal of only one sex 
could unrealistically inflate genetic structure. To avoid this and because patterns of dispersal are 
not well-documented for A. lituratus, simulations were run where only males were the dispersing 
sex, and for which males and females dispersed with equal distances and probabilities. 
Other settings: Each simulation was run for 50 generations, and a particular simulation 
scenario was replicated 100 times. At each generation, FST values were calculated, and the 100 
replicates were used to construct confidence intervals. The 2.5 and 97.5% quantiles of the 
distribution of 100 FST values produced per generation were used as limits for confidence 
intervals. Empirical average FST was compared to simulated FST at generation 25. 
Effects of underestimating bat density: Additional simulations were run using large 
population densities (20 bats/ha) to determine whether these yielded substantively different 
levels of genetic structure than found using 4 bats/ha. The effect of increasing bat density is 
minimal and unlikely to change conclusions of my main set of simulations (Figure A.4). 
Information on parameterization and results of these simulations is in Appendix A Methods and 
Table A.3.  
Results 
Genetic diversity 
No loci were linked. After Bonferroni correction, departure from HWE was significant at site 
Mba1 (Bonferroni-adjusted alpha: 0.003, p-value: 0, FIS: 0.10), and locus N29507 (adj. alpha: 
0.0031, p-value: 0, FIS: 0.16, out at Igz3) and at locus F05378 (adj. alpha: 0.0033, p-value: 
0.0003, FIS: 0.08, out at Mba1), possibly due to higher frequency of null alleles. Locus N29507 
was excluded from subsequent analyses due to high FIS. F05378 was kept because of weaker FIS 
and because results of analyses run without it (using 13 loci) were not qualitatively different 




18), and expected heterozygosity (HE) was high (mean: 0.80, range: 0.60–0.91). Summary data 
for sites and loci are in Tables A.1 and A.2.  
Genetic structure 
A series of Mantel tests was run to quantitatively compare concordance among metrics (CSE, 
PCA, FST, Jost’s-D). PCA and CSE distances were strongly correlated to one another, but poorly 
associated with FST and Jost’s-D, which in turn were significantly associated with each other 
(Figure A.1). Thus, both types of measures could potentially provide complementary insights. 
Results are presented primarily for FST and PCA distances. 
Genetic structure was consistently low, and often not statistically significant, regardless 
of the metric used (Tables A.5, A.6): FST (mean/average across all pairs [range]: 0.002 [-0.008–
0.016]), Jost’s-D (0.015 [-0.042–0.116]), CSE (0.022 [0.013–0.035]), and PCA (2.76 [1.94–




Figure 3.2. Mantel test results correlating pairwise log geographic distance (meters) with genetic 
structure metrics (A) FST/(1-FST), and (B) PCA, for ―best frag.‖, ―all cont.‖, ―all frag.‖ (n=15), 
and ―all‖ (n=20). There was no statistically significant IBD in fragmented or continuous 
landscapes. Significance was determined at a p-value of 0.05 (H0: rM = 0) and calculated based 
on 5000 permutations (R package ―ecodist‖).  
Comparison of genetic structure in fragmented and continuous landscapes 
Isolation-by-distance: Genetic and geographic distances were not significantly correlated 
(rMzero) regardless of site-set or genetic distance measure used (Table 3.2, Figure 3.2). 
Confidence limits of the rM broadly overlapped between “best frag.” and ―cont‖ site-sets (Table 
3.2). Statistical power was low due to limited sample size (―cont‖, ―best frag.‖, n=5 each), but 





PERMDIST procedure: Genetic structure among sites was not significantly different between 
continuous and fragmented landscapes using any measure of genetic distance (Figure 3.3, Figure 
A.3). Geographic distances were also not significantly different between landscapes (F1, 8 = 0.66, 
p = 0.49), which suggested that geographic distances among sites between landscapes was not 
confounded with the lack of significant difference in genetic distances between landscapes.  
 
 
Figure 3.3. Comparison of the magnitude of genetic dissimilarity between sites in continuous 
(―all cont.‖: triangles) and fragmented (―best frag.‖: squares) landscapes using the PERMDISP 
approach. Genetic distances were decomposed into independent axes using a principal coordinate 
analysis. Then, distances from each site to the group centroid (light grey circles) were calculated, 
and compared between groups. Solid and broken lines represent the distances to the centroid for 
fragmented and continuous sites, respectively. Figure depicts results for (A) FST/(1-FST), and (B) 
PCA genetic distances. Only the first two principal coordinates axes are shown; but the full set of 
axes was used for analysis. There was no significant difference in level of genetic structure 
among sites in continuous versus fragmented landscapes. 
Comparing empirical and simulated landscapes 
Simulated outcomes of fragmentation for 15 sub-populations were qualitatively similar for 
males-only dispersing versus both sexes. Results presented are for both sexes dispersing. 
Simulated population genetic structure was strongly influenced by movement: FST values 
increased with decreases in dispersal distance or migration rate (Figure 3.4). Under the most 
extreme case of complete isolation since fragmentation (m=0), FST increased immediately and 
rapidly, and by 25 generations had already reached close to 2 orders of magnitude greater than 
empirical differentiation. Moreover, regardless of simulated migration rate (0.1-0.9), short 
dispersal distances (5km) resulted in FST values that, while low (0.05-0.1), were consistently 
greater than empirical differentiation. Similarly, decreased migration rates produced clear genetic 




indicates that reduced migration among patches should be detectable in empirical genetic 
structure given the genetic sampling I performed and the expected time since fragmentation. In 
fact, simulated FST values approaching empirical genetic differentiation levels were only found 
when simulated dispersal distance was large (30 km) and migration rate was high (m=0.9; Figure 
3.4).  
Table 3.2. Isolation-by-distance was not significant for any genetic distance metric or site-set. 
Mantel tests correlated pairwise (log) geographic distance with genetic distances for different 
site-sets. Significance was determined at a p-value of 0.05 (two-tailed test) and calculated based 
on 5000 permutations in ―ecodist‖ (Goslee & Urban 2007). 5000 iterations were used to 
determine bootstrapped confidence limits (CL). Pairwise distances can be found in Tables 3.1, 









all (20) PCA -0.103 0.481 -0.206 0.001 
 
Jost's-D -0.162 0.216 -0.256 -0.047 
 
FST/(1-FST) -0.092 0.446 -0.182 0.028 
 
CSE -0.085 0.554 -0.185 0.092 
all frag. (15) PCA -0.102 0.566 -0.245 0.028 
 
Jost’s-D -0.178 0.244 -0.317 -0.056 
 
FST/(1-FST) -0.089 0.542 -0.243 0.071 
 
CSE -0.013 0.946 -0.141 0.116 
best frag. (5)  PCA -0.282 0.545 -0.660 0.195 
 
Jost's-D 0.066 0.881 -0.758 0.816 
 
FST/(1-FST) 0.148 0.718 -0.768 0.903 
 
CSE 0.164 0.764 -0.049 0.807 
all cont. (5) PCA -0.488 0.146 -0.917 0.025 
 
Jost's-D -0.041 0.903 -0.169 0.200 
 
FST/(1-FST) -0.284 0.391 -0.585 -0.043 
 
CSE -0.384 0.280 -0.676 0.101 
Discussion 
Anthropogenically-driven habitat fragmentation is pervasive. Understanding the effects of 
fragmentation on population connectivity is critical to predict and mitigate the effects that large-
scale modifications to ecosystems might have on species. I determined whether recent 
fragmentation of Atlantic forest is causing sub-division in populations of Artibeus lituratus, a 
widespread Neotropical seed-disperser. I found that genetic structure of A. lituratus in Alto 
Paraná Atlantic Forest is weak and observed patterns are consistent with intact, or nearly intact, 





Figure 3.4. Genetic structure from simulating 15 sites with varied inter-population average 
dispersal distance (30 or 5km) and migration rate (0-0.9) for both sexes. Site area and location 
based on empirical data, and population size estimated from a 4 bat/ha density. Detailed 
parameterization information in Methods and Table A.3. Horizontal black dashed line indicates 
average empirical value for FST (0.002) calculated for 15 sites in Genetix (permutations=1000). 
Vertical lines indicate the range of FST values over 100 replicate simulations for a given 
generation. Grey bar highlights timespan under consideration, ~25 generations since 
fragmentation. 
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Low genetic structure in a highly mobile animal 
Simulations indicate major reductions in gene flow should be detectable in a very short time 
period—even if dispersal distances are typically large. This conclusion remains even though a 
number of parameter estimates were conservative (i.e., minimized the potential for genetic 
structure to arise). For example, models treated populations as initially panmictic (maximum 
genetic diversity), used a high mutation rate, and included a case where both sexes had equal 
propensity for dispersal—all of which would tend to minimize genetic structure. Additionally, 
simulations were parameterized based on only 50 years of deforestation. If gene flow had been 
reduced for more than a few generations it should be detectable with my sampling in all cases 
except those of high migration rates coupled with large average dispersal movements. This 
remains true even if population densities are much higher than estimates used for the main 
analyses (see Figure A.4). Despite adequate power to detect genetic differentiation resulting from 
reduction in gene flow, there are few indications of genetic structure for A. lituratus in the study 
region.  
Even though observed genetic diversity falls in a range typical for non-inbred mammals 
(Frankham et al. 2002), that so little spatial genetic structure is detected across such a large area 
is somewhat unexpected for an ostensibly non-migratory bat species. There are multiple factors 
that might facilitate inter-site connectivity for A. lituratus in APAF. While the landscape of 
eastern Paraguay has undergone extensive deforestation, there remain forest patches that may 
function as stepping-stones connecting large reserves. Furthermore, in agricultural or ranching 
areas, lone trees could expedite movement by providing temporary roosting sites or food (Kelm 
et al. 2008). In addition, A. lituratus do not appear to disfavor moderately disturbed forest 
(Gorresen & Willig 2004), and are known to forage on pioneer species often found in disturbed 
areas or secondary growth, such as those of the genus Piper and Cecropia (da Silva et al. 2008; 
Garcia et al. 2000). The ability to exploit multiple food resources could enable population 
resilience to changing landscape dynamics, if generalist animals are likely to percieve habitat as 
having more resources and being less fragmented (Bascompte et al. 2006). Lack of genetic 
structure might also be in part a consequence of feeding strategy. Artibeus species feed on Ficus 
(Moraceae, de Moraes Weber et al. 2011; Morrison 1978). Ficus species, like many tropical trees, 
often exhibit low population densities, which combined with fruiting-asynchronicity would 
encourage long-distance foraging movements between fruiting trees (Morrison 1978; Nazareno 
& de Carvalho 2009).  
Plant-animal interactions in fragmented landscapes  
Results from seed-dispersal studies suggest habitat fragmentation can affect plants both by 
reducing the number of seeds reaching patches (e.g. Benitez-Malvido 1998) and the number of 
individual plants contributing to the colonizing seed-pool (reviewed in Sork & Smouse 2006). 
Furthermore, plant species are often primarily pollinated or dispersed by only one or a few taxa 
(e.g. Morrison 1978; Muchhala & Thomson 2009). Examples of this include many groups of 
plants adapted for bat seed-dispersal (e.g., species in the families Araceae, Cecropiaceae, 
Clusiaceae, Piperaceae, and Solanaceae), and pollination (e.g., various genera in the families 
Campanulaceae and Marcgraviaceae; Fleming et al. 2009; Lobova et al. 2009). Thus, the 
potential for numerous plant species, especially in the tropics, to adapt to anthropogenic changes 
to habitat is certainly influenced by their animal counterparts, but this link is largely unexplored. 
My results indicate that A. lituratus, a relatively generalist and numerically dominant (in the 




fragmented landscape in eastern Paraguay. As a consequence, plant species that depend on A. 
lituratus for dispersal, like Ficus spp., might also be expected to be panmictic across the same 
region, thereby buffering the community from some impacts of deforestation. Identifying taxa 
with the potential to be keystone species in fragmented landscapes may prove increasingly 
important as habitat loss threatens tropical environments world-wide.  
Fragmentation effects and traits of species 
It is unclear if results from this study can be be generalized to other Neotropical seed-dispersers 
and pollinators. Relatively few studies have attempted to predict bat responses to habitat 
fragmentation based on life history traits, or behavior, but Meyer et al. (2008) found edge 
sensitivity was a dominant predictor of changes in Neotropical bat abundance due to 
fragmentation, and Rossiter et al. (2012) found that foliage-roosting Old World bats had lower 
genetic connectivity than cave-roosting species. Burney & Brumfield (2009) found that 
Neotropical canopy birds show weaker genetic structure across potential barriers (the Andes, the 
Amazon River, the Madiera River) than understory species, suggesting dispersal propensity is 
affected by ecological differences among species. Specialization has been shown to predict 
responses to habitat fragmentation in a number of taxa. An explicit comparison of genetic 
structure for two closely related snakes across a fragmented landscape found strong structure for 
the specialist species but no structure for the generalist (DiLeo et al. 2010). Interestingly, this 
finding may hold true for specialists with high potential mobility: Coulon et al. (2008) found 
relatively strong population structure in a naturally fragmented landscape for the Florida Scrub 
Jay, a habitat specialist, and that gap size between patches drove reductions in gene flow (Coulon 
et al. 2012).  
A. lituratus’ broad distribution, potential high-mobility foraging strategy, and status as a 
relatively generalist frugivore could all reasonably explain weak structure in the study region. 
Other bats in this region share subsets of those traits (López-González 2005) and might be 
expected to respond in predictable ways to habitat fragmentation. If generalist species are 
relatively robust to habitat fragmentation, this could have positive implications for conservation 
in the study region and elsewhere in the Neotropics. However, more research is necessary to 
determine differential effects of fragmentation on gene flow in generalist and specialist species, 
particularly for seed-dispersing taxa in the tropics. It is also possible that reductions in (still high) 
migration across the fragmented landscape of Paraguay may be occurring, but be insufficient to 
have been detected. Minor reductions in overall high levels of migration would not produce 
detectable changes in genetic structure within the time frame of analysis, assuming dispersal 
distances were typically large. Given enough time, or continued deforestation, effects could 
emerge.  
Conclusion 
Highly mobile pollinating and seed-dispersing taxa can play an important role in mediating plant 
population responses to habitat disturbances, particularly in the tropics where many plants 
depend on animals for reproduction, and habitat loss is a growing threat. Nevertheless, research 
on the genetic structure of tropical and subtropical taxa is limited (Storfer et al. 2010), 
particularly for plant-visiting species. This study demonstrates surprisingly high levels of genetic 
connectivity for an abundant and widespread seed-dispersing bat across a region of ~140,000 
km
2
, much of which is heavily deforested. I suggest population connectivity of A. lituratus is 




important to note that genetic connectivity is one of multiple factors that could be affected by 
habitat fragmentation. Other avenues by which fragmentation could influence populations of this 
and other species include reductions in reproductive output due to factors such as decreased 
quantity or quality of food, and increased competition or predation. Furthermore, while my study 
strongly supports high levels of present genetic connectivity consistent with frequent inter-site 
movements, this does not mean that further fragmentation would not result in isolation. More 
studies are needed to determine conditions governing resilence in potentially keystone, highly 
mobile taxa like A.lituratus , and to understand whether potential resilience of seed-dispersers 
translates into resilience of plant species that interact with them. 
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CHAPTER 4. EFFECTS OF ENVIRONMENT, FRAGMENTATION, AND SPACE ON 
GENETIC DIVERSITY AND COMPOSITION OF A SEED-DISPERSING BAT IN 
ATLANTIC FOREST OF SOUTH AMERICA 
Introduction 
Understanding how populations respond to environmental and spatial variation in natural 
landscapes can provide insight into the ecological and evolutionary processes that shape taxa 
across time and space. Genetic variation, in particular, can be utilized to determine mechanisms 
influencing natural populations, which in turn can have important consequences for population 
maintenance. Spatially structured genetic variation across a landscape may indicate habitat 
selection (Hedrick 1986), or could result from combined effects of limited dispersal (gene flow), 
and/or genetic drift (Rohlf & Schnell 1971). By analyzing population genetic structure in a 
landscape context, insight can be gained into patterns of individuals’ movements and population 
connectivity (Manel et al. 2003). Likewise, distribution of genetic diversity across populations 
can reflect differences in demographic processes such as population size or colonization history 
(e.g. Ehrich et al. 2009). Both population size and connectivity potentially modify extinction risk 
(Hanski 1999). In addition, spatial variation of population genetic diversity can have important 
consequences for populations because genetic variability provides the raw materials for adaptive 
processes (e.g. Petren et al. 2005), which can contribute to long-term persistence.  
In natural landscapes, spatially structured genetic variation can be strongly influenced by 
multiple processes. One of the most fundamental is that of dispersal limitation (Hubbell 2001). If 
dispersal across a landscape is limited, nearby individuals will interbreed more readily than those 
that are distant. This process, also known as isolation-by-distance (IBD), can lead to spatial 
structure of genetic composition that increases with geographic distance (Sokal & Wartenberg 
1983). Many studies have found that IBD can be a powerful force shaping landscape level 
variation in genetic composition and diversity, even in highly mobile organisms (e.g. Anderson 
Jr et al. 2004; Burland et al. 1999; Darvill et al. 2009). For example, IBD was important for 
genetic structure of a highly mobile marine species, Delphinus delphis, across ocean basins, 
although environment also played a role at smaller scales (Amaral et al. 2012). It is additionally 
important to account for indirect spatial effects, because such effects can reflect spatial structure 
in other (potentially unmeasured) processes that influence populations (e.g. Manel et al. 2010). 
Spatial genetic variation can also be caused by landscape heterogeneity (Storfer et al. 
2007; Storfer et al. 2010). In turn, landscape heterogeneity can arise from multiple sources 
including variation in important environmental characteristics (e.g. climatic variables, 
productivity, soil properties, etc.) or spatial distribution and configuration of habitat patches.  
If regions differ in important environmental characteristics, habitat selection based on 
individual traits may occur or populations may be adapted to the local environment in ways that 
are likely to disadvantage migrants (e.g. Cooke et al. 2012; Mendez et al. 2010). This can result 
in reduced gene flow or even divergence with gene flow (Freedman et al. 2010; Keller & 
Seehausen 2012). For example, Whitehead et al. (2011) found a genetic break between 
populations of the Atlantic killifish along parallel salinity clines, which occurred in the absence 
of obvious barriers to gene flow, but coincided with physiologically stressful salinity, to which 
populations up- or down-stream were locally adapted. Additionally, environmental conditions, 
especially in terms of energetic resources, can be an important determinant of population size, 




sizes would tend to lead to population differentiation and a loss of genetic diversity (Wright 
1978).  
In addition to environmental conditions, habitat configuration, quantified by the size, 
shape and location of habitat patches (Li & Wu 2004), can be an important source of 
heterogeneity. The distribution of habitat across a landscape can determine connectivity between 
populations, and the total amount of available habitat, which in turn can influence population 
size (Hanski 1998). Reductions in population size or connectivity can result in loss of genetic 
diversity and diverging genetic composition between populations due to elevated genetic drift 
and reductions in gene flow (Hartl & Clark 2007). The influence of habitat configuration 
(fragmentation) on populations and assemblages has received much attention over the last 
several decades (e.g. Fahrig 2003), but only recently have studies begun to focus on how the 
landscape can structure genetic variation (for some recent reviews see Balkenhol & Waits 2009; 
Storfer et al. 2010). Understanding effects of habitat configuration on populations is especially 
important in the face of recent and growing anthropogenic modifications to natural landscapes 
worldwide (Landguth et al. 2010; Segelbacher et al. 2008). Anthropogenic habitat fragmentation 
is an increasingly frequent phenomenon experienced by natural populations (e.g. Laurance et al. 
2004), and there is rising need to understand its effects, both alone and in combination with other 
ecological and demographic factors. Nevertheless, studies examining effects of fragmentation on 
genetic variation across a landscape are rare (e.g. Keyghobadi et al. 2005; Martínez-Cruz et al. 
2007), although increasing in number, and so far there has been little effort to examine effects of 
habitat fragmentation as part of a multiple hypothesis framework. 
Habitat configuration, environmental and spatial effects do not need to be mutually 
exclusive, and in most natural systems multiple processes may contribute to spatial variation in 
genetic structure and diversity. Despite this potential complexity, relatively few studies have 
explicitly accounted for shared and independent effects of spatial and environmental factors on 
genetic variation (but see below for some examples), nor explicitly incorporated anthropogenic 
habitat fragmentation. However, those investigations assessing the relative influence of just 
environmental and spatial factors on genetic variation often find overlapping effects, supporting 
the need for a multi-perspective approach for understanding how ecological mechanisms 
structure populations. In some cases, spatial factors better explain distribution of genetic 
variation (e.g. Angers et al. 1999; Brouat et al. 2004; Volis et al. 2004), while in other cases 
environmental conditions have strong effects even after accounting for spatial factors (e.g. Lee & 
Mitchell-Olds 2011; Parisod & Christin 2008). Moreover, accounting for multiple processes can 
sometimes change conclusions; for example, environmental factors might mask expected signal 
of isolation-by-distance (Kittlein & Gaggiotti 2008). The utility of a multi-perspective approach 
is illustrated by the above-mentioned studies, which found interactive effects of spatial factors 
and environmental characteristics on the genetic structure of natural populations.  
In addition to the potential influence of multiple processes, how they affect patterns in 
genetic data may be scale-dependent. The importance of scale-dependence for identifying 
relationships between pattern and process has been recognized for several decades in ecology 
(Levin 1992; Lyons & Willig 1999; Wiens 1989), but has only recently received attention in 
landscape genetics (Anderson et al. 2010; Cushman & Landguth 2010; Epperson 2010). Aspects 
of the landscape that influence connectivity, and thus gene flow, may only be identifiable at 
certain scales (Galpern et al. 2012; Rasic & Keyghobadi 2012), or different landscape elements 
may be important at different scales (Angelone et al. 2011; Murphy et al. 2010). Furthermore, 




characteristics should be quantified at scales that are relevant to the study organism, or barring 
such a priori knowledge, at multiple scales to determine scale-dependence in population 
responses.  
I investigated the extent to which environmental characteristics, spatial factors and 
habitat fragmentation independently or through their interactions affect genetic variation of a 
widespread Neotropical bat, Artibeus lituratus, in a heterogeneous landscape. Furthermore, I 
determined the proportion of variation in genetic structure and diversity that could be explained 
simultaneously by multiple processes, and accounted for influence of spatial scale when 
interpreting evidence for a fragmentation effect. 
Methods 
Study system 
Data were collected at 15 sites in eastern Paraguay and 5 sites in the Misiones Province of 
Argentina (Table B.5, Figure 4.1). Climate in Alto Paraná Atlantic forest (APAF) is subtropical 
and varies gradually across the study region from warm and drier in the northwest to cooler and 
moist in the southeast, with wet, hot summers and cool, dry winters (Bertoni & Gorham 1973; 
Stevens & Amarilla-Stevens 2012). Topography is relatively flat, with some rolling hills in the 
east (Gorham 1973). A variety of biomes and phytogeographical zones come together in the area 
(Hayes 1995; Willig et al. 2000), but much of it consists of APAF, which historically covered a 
large portion of eastern Paraguay and extended across the Paraná river into the Misiones 
Province of Argentina, and southwestern Brazil. In the last sixty years, Paraguayan APAF has 
been rapidly deforested (Facultad de Ingenieria Agronomica 1994; Hansen et al. 2008) and is 
now embedded in a mosaic of single-family farms, plantations (mostly soybeans: Glycine max) 
and ranchland, with APAF patch sizes ranging from 67,000 to <100 hectares (Di Bitetti et al. 
2003). In contrast, neighboring Misiones, Argentina possesses over a million hectares of roughly 
contiguous forest, most of which is APAF. Together these landscapes provide a natural-
experimental setting to understand mechanisms shaping population response in the aftermath of 
rapid landscape fragmentation, and the role of environmental gradients in shaping populations, 
both alone and in combination.  
Artibeus lituratus is a widespread fruit-eating bat, distributed from southern Mexico 
through northern Argentina. It’s high regional abundance (Stevens et al. 2004) and potential 
high-mobility makes it an important species from the perspective of regional connectivity among 
plant taxa that depend on these and other bats for seed-dispersal and pollination. A. lituratus’ 
broad distribution (Figure 4.1) also makes it a good model to assess landscape and environmental 
determinants of genetic variation, because results from this study can be compared with other 
regions experiencing rapid habitat alternation (such as Amazonia). Moreover, common species 
such as A. lituratus can form a baseline with which to compare population responses of other 
bats (Whiteley et al. 2006). Animals with high potential mobility might be expected to show 
little response to changing habitat configuration, but few studies have tested this. Previous 
research in and around the largest fragment of APAF in Paraguay indicates that A. lituratus does 
not experience strong negative effects on population size due to fragmentation, and can be more 
common in mildly fragmented habitat than in continuous forest (Gorresen & Willig 2004). In 
addition, previous work by McCulloch et al. (submitted) found no indication of isolation-by-




se. Nevertheless, McCulloch et al. (submitted) found weak but significant genetic structure in the 
region, and other factors may influence populations. 
 
Figure 4.1. A. lituratus’ distribution in South America (light grey lines) and the historical extent 
of Atlantic forest (dark grey) are indicated in the left panel. Data obtained from Nature Serve 
(www.natureserve.org; Patterson et al. 2007) and WWF’s Global 200 Ecoregions 
(www.worldwildlife.org), respectively. Sites (black circles) from which environmental, 
fragmentation, spatial and genetic data were analyzed are indicated in the right panel. Light grey 
in eastern Paraguay and Misiones shows forest cover (see Methods for details). Maps composed 
in ArcMap v9.2 (ESRI 2006). 
Field work 
At each site, ten mist nets were set up, opened 1900hrs-2400hrs and checked every half hour, for 
1-6 consecutive nights. Captured A. lituratus were removed from nets and kept in individual 
cloth bags until either they were released or euthanized (Sikes et al. 2011). All handling was 
conducted according to the Louisiana State University (LSU) animal care and use protocol 
number 08-040 and followed guidelines of the American Society of Mammalogists (Sikes et al. 
2011). Voucher specimens will be deposited in the LSU Museum of Natural Sciences and in 
public collections in the country of origin: Museo Nacional de Historia Natural el Paraguay 
(MNHNP) in San Lorenzo, Paraguay, and Instituto Miguel Lillo in Tucumán, Argentina. 
DNA extraction and genotyping 
On average, genetic data came from 27 (range: 19-41) adult A. lituratus per site. Tissue samples 
were obtained from each bat (liver/kidney or wing membrane preserved in 95% EtOH). Details 
on collection, handling, and disposal of specimens can be found in McCulloch et al. (submitted). 




developed for A. jamaicensis (Ortega et al. 2002), and 11 developed specifically for A. lituratus 
(McCulloch & Stevens 2011). Information on thermal-cycler settings, polymerase chain reaction 
(PCR) conditions, genotyping and scoring, and tests for Hardy-Weinberg equilibrium (HWE) 
and linkage disequilibrium have been previously described (McCulloch et al. submitted). No loci 
used here were out of HWE and none were linked. 
Response variables: Genetic diversity and genetic composition  
Intra- and inter-site genetic variation of A. lituratus was characterized by genetic diversity and 
genetic composition. Population genetic diversity, measured as expected heterozygosity per site 
(―HS‖), and genetic composition were determined using all 13 loci in the R package ―adegenet‖ 
(Jombart 2008). Population genetic composition consisted of a (―site-by-allele‖) matrix, where 
columns were allele identities (across all loci: L1A1, L1A2,… L1An, L2A1, L2A2,… LsAn), rows 
were sites, and cell values corresponded to allele counts. While both genetic diversity and 
composition were calculated from allele frequencies, they conveyed different information in that 
two populations could have identical diversity without sharing a single common allele. 
Correcting for variation in sample size: Estimates of genetic diversity and composition could 
be influenced by variation in sample size among sites (n = 19-41), potentially creating spurious 
associations with predictors or reducing the power to find true relationships. This problem is 
particularly important for genetic composition, since allele counts (abundance) at a site should be 
strongly influenced by the number of individuals sampled. To deal with this potential problem, I 
used a rarefaction procedure that is used frequently in community ecology to correct for effects 
of variation in sample size.  
Nineteen individuals was the smallest sample size across sites. To generate a sample size-
corrected dataset, 19 individuals per site were randomly subsampled from the total number of 
individuals available for each site. Using this resampled dataset, HS values were calculated, as 
well as an allele counts matrix. This process was repeated 5,000 times, correspondingly 
generating 5,000 values of HS for each site, and 5,000 allele counts matrices. Finally, rarefied 
values for HS were calculated as the average HS value for each site across 5,000 repetitions of the 
resampling procedure. Similarly, a rarefied matrix of allele counts was created by averaging 
allele counts at each site across 5,000 resampled matrices. 13.5% of allele abundance (count) 
values in the rarified genetic composition matrix were less than 1, thus representing alleles very 
unlikely to be observed in a sample of 19 individuals. Those values were replaced with zeros, 
and alleles never observed across sites were eliminated. In this way, I corrected for both the 
expected abundance of each allele given that sample size was equal across sites, and for the 
presence of rare alleles by removing alleles unlikely to be obtained if 19 individuals were 
sampled from each site. This method was successful at eliminating the relationship between the 
allele abundance matrix (i.e., genetic composition) and total number of individuals per site. For 
the original genetic composition matrix, number of individuals explained a significant amount of 
variation (F1,18 = 12.033, p = 0.005), but that relationship was not present with the resampled 
matrix (F1,18 = 0.971, p = 0.660). 
Explanatory variables: Fragmentation, environmental and spatial factors 
Three sets of variables were used to represent hypotheses of potential determinants of genetic 
variation among sites: fragmentation [F], environmental [E] and spatial [S] effects (Table B.1). 
Environmental Data [E]: Local environmental characteristics were assessed at each site using 




(plot dimensions: 10m-by-10m), as well as climate information from a global dataset (Table B.1). 
Plots were randomly placed at each site, and were at least 50 meters from forest edge, or roads. 
Within each plot, all vegetation (trees, palms, or tree ferns, collectively referred to here as 
―trees‖) with diameter at breast height (DBH) greater than 5cm were identified and recorded. 
With tree data from 10 plots per site combined, tree diversity was estimated using species 
richness and Shannon diversity index (R package ―BiodiversityR‖; Kindt & Coe 2005). Tree 
biomass was characterized by the sum of all DBH values for all trees at a site (Table B.7). 
Additionally, physical forest structure of sites was characterized by measuring understory density 
(UD) and canopy cover (CC) within plots. Detailed information on data collection for UD and 
CC can be found in the Appendix B. 
Tree species composition was characterized using site scores in a non-metric 
multidimensional scaling (MDS) ordination (Kruskal & Wish 1978; Legendre & Legendre 1998) 
performed on an among-site distance matrix determined based on tree abundance per site. MDS 
differs in several ways from other ordination procedures, such as principle components analysis 
(PCA), including that it makes few assumptions about the nature of the data, and allows the use 
of any distance measure among sites (Legendre & Legendre 1998). Moreover, while in most 
ordination methods a fixed number of axes are calculated, in MDS the number of required axes 
can be chosen a priori and data are fitted to those dimensions; consequently there are no hidden 
or unused axes of variation. For these analyses, tree abundance data were square root 
transformed, and then Bray-Curtis distances were used to calculate tree compositional 
dissimilarity among sites (Bray & Curtis 1957). Bray-Curtis distance is a common measure of 
dissimilarity of community composition; it takes into account abundance, but does not have the 
problem of double-zeros (sites lacking the same species being counted as more similar). Five 
dimensions were used for ordination of tree data (number of dimensions tested = 1-19). This 
number of dimensions was a good compromise between maximizing fit of the ordination to the 
data (i.e., minimizing the stress statistic, which measures how well the reduced number of 
derived dimensions estimates the entire multivariate space), and minimizing the number of 
dimensions needed to accurately represent differences among sites based on tree species 
composition and abundance (Figure B.1). MDS was done in the R package ―vegan‖ (Oksanen et 
al. 2012) using the function ―metaMDS‖.  
Collectively, local vegetation structure and composition were expected to be important 
because A. lituratus depends on forest for both foraging and roosting. For example, Artibeus 
species feed primarily on Ficus (Moraceae: de Moraes Weber et al. 2011; Morrison 1978), 
although they are also known to forage on pioneer species in the genus Piper and Cecropia (da 
Silva et al. 2008; Garcia et al. 2000). Sites with more Ficus could therefore hypothetically 
support larger populations, and consequently maintain higher levels of genetic diversity. 
 Forest structure, composition and diversity information was combined with climatic data 
from WorldClim (Hijmans et al. 2005) to represent environmental characteristics [E] for each 
site (Table B.6, Table B.7). Climate data was generated using spatial interpolation of data points 
collected from stations around the world, while elevation was based on data from the Shuttle 
Radar Topography Mission (all data: resolution=30 arc-seconds, ca 1-km
2
). The following 
WorldClim variables were selected: elevation, annual mean temperature, temperature seasonality, 
maximum temperature of the warmest month, minimum temperature of the coldest month, 
annual precipitation, precipitation of the wettest month, precipitation of the driest month, and 
precipitation seasonality. These variables represented broader climatic trends that could 




Fragmentation data [F]: For every site, measurements were taken that represented area, 
connectivity and configuration of forest patches at and around a given focal site. Measurements 
were taken at 5 different spatial scales by overlaying ―windows‖ of varying radii (4-, 8-, 16-, 32-, 
and 64-km) centered on the site. ―Scale‖ refers to the domain in which habitat configuration 
(fragmentation) was measured (sensu Wiens 1989), and the inference space for analyses of those 
measurements. ―Landscape‖ is used broadly to mean the study region in which the focal 
organism and habitat occur. By measuring fragmentation at multiple scales it was possible to 
determine if and at what scale populations responded to habitat fragmentation, as well as whether 
factors that affected populations changed with scale. To characterize habitat fragmentation at 
multiple scales, I first mapped forest remnants using satellite images and then quantified 
fragmentation using those data in Fragstats v3.3 (McGarigal et al. 2002). 
Mapping forest remnants. USGS Landsat7 images were acquired that covered the study region 
extent (glovis.usgs.gov). Satellite images were preferentially selected from the same month of a 
single year (March 2009) that coincided with the collection of much of the genetic and field data. 
When Landsat image quality for March 2009 was poor, imagery was instead acquired from late 
February 2009 or for March 2010 in order to minimize seasonal variation in band reflectance. 
Imagery was Level T1 processed (NASA). Band 7 (wavelength: 2.09 - 2.35 micrometers, 
resolution: 30 meters) was used to categorize the degree of fragmentation in the study region 
because it distinguished classes of interest (native forest, pasture, pine, river, bare soil, etc.). In 
ArcMap9.2 (ESRI 2006), Band 7 imagery was mosaicked (using Data Management tools: ESRI 
2006) by collection date for a total of 5 raster groups to minimize variation in band reflectance 
(see Table B.2 for groups and collection dates); each group was handled separately, and 
processed in the following way:  
1. First, areas of missing data found in Landsat 7 post-2003 Slant Range Corrected-off 
(SLC-off) images were filled by interpolation based on merging the normal ―high‖ 
resolution raster (30x30m pixels) with a ―low‖ resolution raster that was created. The 
low-resolution raster was produced by taking the mean value of 9x9 high-resolution 
pixels (30m*9), and assigning that value to the focal low-resolution cell. The high-
resolution and low-resolution files were then merged with the high-resolution data on 
top, such that any sections of missing data in the high-resolution raster file were filled 
in using the low-resolution data, but high-resolution detail was preserved where 
present.  
2. Next, geo-referenced field collection data based on plots from 20 sites was used to 
determine Band 7 pixel values associated with forest (Table B.2). Using ground-
truthed values, satellite raster data was then reclassified so that all Band 7 raster 
pixels with values in the range defined by ground-truthing were designated as forest, 
while everything else was classified as non-forest. Results were qualitatively 
consistent with known distribution of forest, based on knowledge from fieldwork, and 
from previous evaluations of the distribution of forest fragments across Paraguay 
(Rodas 2008). 
Finally, the 5 raster groups that were processed independently were merged to obtain a 
full regional raster of forest remnants.  
Calculating fragmentation metrics. In order to evaluate fragmentation at different spatial scales, 
the regional raster was clipped to circular ―windows‖ with varying radii that were centered on 




radii) and 20 sites produced a total of 100 new rasters. These 100 rasters were analyzed in batch 
mode in Fragstats v3.3, and the following measurements were calculated for each: edge density, 
cumulative area, landscape shape index, fractal dimension index (adjusted mean, range), largest 
patch index, number of patches divided by cumulative area, patch density, proximity index 
(mean, adjusted mean), patch connectance measure, and adjusted mean patch area (Table B.8). 
Descriptions of each measure are found in the Appendix B (Table B.1). Calculations were done 
using the 8-cell rule, i.e. cells of the ―forest‖ class that touched the corner of the focal cell were 
considered connected to the focal cell, in addition to cells which shared a side with the focal cell 
(McGarigal et al. 2002).  
Spatial data [S]: Spatial relationships among sites were represented using latitude and longitude 
coordinates (decimal degrees) and principal coordinates of a geographic neighbors matrix 
(PCNMs: Borcard & Legendre 2002, Table B.10). PCNMs were generated by 1) computing 
Euclidean pairwise geographic distances between sites, 2) selecting a threshold value ―t‖, which 
was chosen to be the smallest distance that kept all sites connected, 3) constructing a truncated 
distance matrix, whereby any distance values greater than ―t‖ were converted to 4t, and 4) 
performing a principal coordinate analysis (PCoA) on that matrix. PCNMs were calculated in the 
R package ―vegan‖, using function ―pcnm‖. The result of this procedure was a set of spatial 
variables (eigenvectors) that represented multiple patterns of non-linear variation across space. 
Thus, significant association of genetic variation with PCNMs would indicate spatial structure in 
patterns of variation in genetic data. Only eigenvectors that had a positive eigenvalue were 
retained, of which there were 12, representing patterns of variation with positive spatial 
autocorrelation. Further details about the calculation and interpretation of PCNMs can be found 
in Borcard & Legendre (2002) and Dray et al. (2006).  
Construction of minimum adequate models  
Estimation of regression coefficients and variable selection algorithms can be sensitive to co-
linearity among predictor variables (Graham 2003). To reduce potential co-linearity, centered 
and standardized variables within environmental and fragmentation predictor sets were subjected 
to principal component analyses (PCA: Legendre & Legendre 1998). For environment, PCA was 
applied to all variables, except for MDS axes. Thus, the final set of environmental predictors 
included all environmental principal components and the 5 MDS axes reflecting tree species 
composition. For fragmentation, a PCA was conducted for each scale independently. In both 
cases, all principal components (PCs) were kept because the purpose of this procedure was to 
deal with co-linearity, not to reduce dimensionality. Under this scenario, eliminating PCs that 
contain a low amount of multivariate variation can lead to ignoring variables with strong 
explanatory power but low correlations with most other variables. Thus, explanatory power 
could be lost if variable selection were limited to a subset of principle components (Graham 
2003). PCA was not applied to spatial variables because PCNMs are by definition orthogonal. 
 Because of limited sample size (20 sites), it was impossible to use all predictor variables in 
regression or variation-partitioning analyses (see below). Instead, minimum adequate models 
(MAM) were produced by forward variable selection using the function ―forward.sel‖ in the R 
package ―packfor‖ (Dray et al. 2011). Additionally, to compensate for limited power produced 
by low sample size, an α-value of 0.1 was used. Thus, variables were added to the model if they 
had a p-value equal or less than 0.1. Independent MAMs were defined for each combination of 
dependent variable (i.e., genetic diversity or genetic composition) and predictor set ([E], [S], or 




were then used to assess individual relationship of each predictor set with genetic variation 
among sites. Proportion of variation in genetic diversity or genetic composition that a particular 






To determine how genetic variation could be explained by the three predictor sets simultaneously, 
variation-partitioning analyses were performed (Legendre & Legendre 1998). Variation-
partitioning is a statistical procedure based on the decomposition of variation in a dependent 
variable or matrix into multiple components that represent variation uniquely explained by 
particular sets of predictor variables, and components of variation that are explained by more 
than one predictor set simultaneously (Borcard et al. 1992; Legendre & Legendre 1998). 
Variation-partitioning is based on a series of regression and partial-regression analyses (either 
multiple regressions, or redundancy [RDA] or canonical correspondence analyses [CCA] when 
multivariate). Variation in the dependent matrix was broken down into eight components (e.g. 
Tello & Stevens 2010):  
 variation explained by each factor after accounting for all other factors (i.e. S|(EF), 
E|(SF), and F|(SE): fractions a, b, and c, respectively), aka ―pure‖ components of 
variation,  
 variation shared between two sets of factors after accounting for a third (i.e., (S∩E)|F, (E
∩F)|S, and (S∩F)|E: fractions d, e, and f, respectively),  
 variation accounted for simultaneously by all three sets of predictors (i.e., S∩E∩F: 
fraction g), and  
 unexplained variation: [1-(SEF)].  
 Significance for the full model (combined effects of all predictor sets: SEF) and for 
―pure‖ components of variation was determined by full and partial regressions (genetic diversity) 
or RDAs (genetic composition). Significance for the other components could not be determined 
(Legendre and Legendre 1998). Variation-partitioning analyses used only variables selected for 
each predictor set in the MAMs. Adjusted R
2
 values were used to estimate explained variation 
because predictor sets contained different numbers of variables (Peres-Neto et al. 2006). Because 
variation partitioning using adjR
2
 can produce un-interpretable negative fractions of variation or 
fractions of variation that do not sum to 100% (Legendre et al. 2012), 1) all negative fractions of 
variation were set to zero, and 2) components ―a‖ to ―g‖ were scaled proportionally so their sum 
was equal to the total amount of variation explained by all predictor sets combined. For example, 
re-scaled fraction ―a‖ was equal to the original estimate of fraction ―a‖ multiplied by the ratio of 
the total amount of variation accounted for by fragmentation, environmental and spatial factors 
combined, and the sum of all components ―a‖ to ―g‖ (e.g., arescaled=aoriginal x [SEF 
/(a+b+c+d+e+f+g)]). Analyses were repeated for each spatial scale.
Results 
Minimum adequate models for genetic diversity 
Spatial variables explained a considerable amount of variation in genetic diversity (HS) among 
sites (adjR
2
 = 0.545, F5,14 = 5.61, p = 0.02), suggesting clear spatial structure in the distribution of 
genetic diversity. PCNM4, PCNM6, PCMN10, PCNM12 and Longitude were all significant 




Table 4.1. Multiple regression results for genetic diversity (HS: expected heterozygosity) and 
genetic composition (matrix of allele count data) per site, both corrected for sample size. 
Independent minimum adequate models (MAMs) were defined for each predictor set ([E], [S], or 
each of 5 scales for [F]). Variables in MAMs were chosen by forward variable selection, and 
selected based on an alpha of 0.1. Proportion of variation in genetic diversity that a predictor set 
could explain was measured using adjusted R
2
 values. See Table B.4 and Table B.5 for original 
fragmentation and environmental variable loading on their respective PCs (―fPC‖, ―ePC‖). 
Significance (RDA) indicated as follows: ―**‖ p ≤ 0.01, ―*‖ 0.01 < p ≤ 0.05, ―†‖ 0.05< p ≤ 0.1. 
    Genetic diversity Genetic composition 
Predictor Set  Scale Variable p-value adjR
2
 Variable p-value adjR
2
 
Fragmentation 4km fPC13 0.0501 0.152* NA NA 0 
 
8km fPC13 0.0258 0.201* fPC3 0.058 0.015† 
 
16km fPC3 0.0584 0.353** NA NA 0 
  
fPC4 0.0749   
   
  
fPC13 0.0811   
   
 
32km fPC3 0.0618 0.387* NA NA 0 
  
fPC11 0.063   
   
  
fPC12 0.0481   
   
 
64km fPC7 0.0905 0.103† NA NA 0 
  
      
   
Environment 
 
ePC1 0.0084 0.598** ePC3 0.078 0.008 
  
ePC5 0.0404   ePC12 0.075 
 
  
ePC14 0.0265   MDS5 0.095 
 
  
MDS2 0.0922   
   
  
      
   
Space 
 
Longitude 0.0570 0.545** PCNM1 0.035 0.020** 
  
PCNM4 0.0657   
   
  
PCNM6 0.0618   
   
  
PCNM10 0.0723   
   
    PCNM12 0.0805         
 Environment explained the largest portion of variation in genetic diversity of any predictor 
set (adjR
2
 = 0.598, F4,15 = 8.04, p = 0.01). Significant variables were environmental PC1 (―ePC1‖), 
ePC5, and ePC14 and MDS2 (Table 4.1). ePC1 represented broader trends in temperature and 
precipitation across the region (warm/dry to cool/wet), as well as seasonality and tree diversity, 
while ePC5 reflected primarily understory density, and ePC14 reflected climatic gradients, 
mainly in temperature (Table 4.2). Loadings for all environmental variables on each ePC can be 
found in Appendix B (Table B.4). MDS2 represented a gradient in tree community composition: 
it was strongly negatively associated with abundance of species like (ordered by strength of 
association) Ficus enormis, Slonea monosperma, and Anadenanthera colubrina, and strongly 
positively associated with species like Allophylus edulis, Rollinia emarginata, and Bauhinia 
forticata. Correlations between tree species abundance and MDS axes can be found in Table B.9. 
The ability of fragmentation to account for variation in genetic diversity among sites 
changed considerably among scales (Table 4.1): explanatory power of fragmentation was 
weakest at 4-km ([F-4] adjR
2
 = 0.152, F1,18 = 4.4, p = 0.05) and 64-km ([F-64] adjR
2
 = 0.103, 
F1,18= 3.2, p = 0.08), increased from 8-km (adjR
2
 =0.201, F1,18= 5.73, p = 0.03) to 16-km (adjR
2
 = 
0.353, F4,15= 4.57, p = 0.01), and was strongest at 32-km (adjR
2




relative contributions of different fragmentation variables to explaining genetic diversity also 
changed with scale. At the two smallest scales (4-km, 8-km), only fPC13 was significant in the 
MAMs, and it very strongly reflected edge density and landscape shape index (a standardized 
measure of edge: Table 4.2). These same variables loaded strongly at the 16-km scale, in 
addition to variables that reflected patch configuration (proximity/isolation, patch density) and 
patch shape complexity, which were represented by three significant PCs: fPC3, fPC4, fPC13 
(Table 4.2). At 32-km, significant PCs (fPC3, fPC11, fPC12) strongly represented area, 
including total (cumulative) forest and average patch size, as well as patch shape complexity 
(Table 4.2). Only fPC7 was significant at the largest scale, and it reflected a gradient from small 
and more isolated patches to larger, proximate patches. Loadings for fragmentation variables on 
fPCs can be found in Table B.5 (Appendix B). 
Minimum adequate models for genetic composition 
In contrast to findings regarding genetic diversity, no predictor set explained much variation in 
genetic composition: adjR
2
 = 0 – 0.020 (Table 4.1). Weak predictive power regardless of 
predictor or scale suggested a lack of clear patterns of genetic composition among sites.  
Variation-partitioning analyses  
Genetic diversity: Fragmentation, environmental and spatial factors combined explained a large 
proportion of variation in genetic diversity among sites, regardless of scale: adjR
2
 = 0.612 – 0.865. 
Full models (SEF) were significant at all but the 16-km scale (Table B.11, Figure 4.2).  
 At both 4-km and 64-km scales, explained variation was partitioned among components in 
similar patterns (Figure 4.2). Most variation that was explained by the full model (SEF = 
65.6 – 66.7% of variation) was shared between environmental and spatial components ((S∩E)|F 
= 34.0 – 40.7%), with the remainder found primarily in pure environmental (E|(SF) = 7.7 – 
10.4%) and spatial components (S|(EF) = 3.7 – 6.3%), or in the intersection of all predictors 
(S∩E∩F = 3.4 – 9.4%). Fragmentation explained little variation in genetic diversity, and the 
variation that it accounted for was entirely shared with environmental and spatial predictors.  
 At 16-km and 32-km, full models accounted for 61.2 – 67.4% of variation in genetic 
diversity. Fragmentation explained more overall variation than it did at smaller or larger scales 
(Table 4.1), and as the importance of fragmentation increased, so did the shared component with 
environment ((E∩F)|S = 6.8 – 11.6%); particularly with environmental and spatial factors 
(S∩E∩F = 23.6 – 32.6%), although pure fragmentation explained no variation. The intersection 
of spatial and environmental factors also accounted for a relatively large proportion of variation: 
(S∩E)|F = 11.7 – 16.8%. 
 At 8-km, the full model accounted for the largest proportion of variation in genetic 
diversity at any scale: 86.5%. This was the only spatial scale where unique (―pure‖ components) 
effects of each predictor set were significant (all p ≤ 0.02), and the only scale at which pure 
fragmentation accounted for variation in genetic diversity: S|(EF) = 17.2%, E|(SF) = 18.6%, 
and F|(SE) = 14.2% (Table B.11). The intersection of all predictors (S∩E∩F) and of spatial 
and environmental factors ((S∩E)|F) also accounted for large components of variation: 19.0% 
and 17.5%, respectively. 
Genetic composition: In contrast to genetic diversity, no individual component (―a‖ to ―g‖) 
accounted for much variation in genetic composition, although S|(EF) was significant at all but 
the 8-km scale (adjR
2
 = 0.011 – 0.022). Moreover, full models (SEF) accounted for little 
variation at any scale and were only marginally significant at most scales: adjR
2
 = 0.034 – 0.035, 





Table 4.2. Results from principle components analysis on environmental and fragmentation variables (at 5 scales), respectively. 
Variance accounted for by each principle component (PC) is indicated, as are variables that contributed strongly to the PC (loadings 
>0.26, or <-0.26). Gradient represents interpretations for a particular PC. Only PCs that significantly explained variation in genetic 
diversity are shown. 
 
Predictor set Scale PC 
Variance 
explained Original variable Loading Gradient 
Fragmentation 4-km 13 0.005% edge density 0.703 large to small amt. edge 
 
      standardized total edge -0.683   
 
8-km 13 0.001% edge density 0.658 large to small amt. edge 
 
      standardized total edge -0.736   
 
16-km 3 6.17% patch density  0.504 many/proximate to few/isolated 
patches, complex to simple-shape 
patches     
connectance  0.292 
    
adj. mean fractal index  -0.268 
    
fractal index range -0.383 
    
adj. mean patch proximity  -0.495 
  
4 5.92% adj. mean patch proximity 0.791 many/proximate to few/isolated 
patches, complex to simple-shape 
patches     
patch density 0.298 
    
fractal index range -0.312 
    
adj. mean fractal index -0.371 
  
13 0.002% edge density 0.678 large to small amt. edge 
 
     standardized total edge -0.650   
 
32-km 3 6.87% no. patches adj. cumul. area -0.339 complex to simple-shaped patches 
    
fractal index range -0.831 
  
11 0.05% cumulative area 0.598 large to small total amt. forest 
    
no. patches adj. cumul. area 0.450 
    
adj. mean fractal index  0.324 
    
 adj. mean patch area -0.470 
  
12 0.02%  adj. mean patch area 0.617 large to small avg. patch size 
    
cumulative area 0.367 
 




Table 4.2 cont’d 
Fragmentation 64-km 7 1.18% cumulative area 0.281 small/distant to large/close patches 
    
fractal index range 0.266 
    
no. patches adj. cumul. area -0.281 
    
patch connectance -0.453 
 
    adj. mean patch proximity -0.696 
       Environment 
 
1 43.60% mean annual temp. 0.373 warm/dry to cool/wet, low to high 
diversity, prec. to temp. seasonality 
    
min. temp. coldest mo. 0.372 
    
prec. seas. 0.345 
    
Shannon div. -0.265 
    
temp. seas. -0.285 
    
prec. driest mo. -0.360 
    
annual prec. -0.367 
  
5 5.70% understory density 1-3m 0.743 high to low understory density 
    
understory density 0-1m 0.521 
  
14 0.04% max. temp. warmest mo. 0.372 low to high mean annual temp. 
    
min. temp. coldest mo. 0.335 
    
temp. seas. -0.276 
    
annual prec. -0.358 
    
prec. seas. -0.358 





























Figure 4.2. Variation-partitioning analysis results showing the unique and shared predictive 
power of fragmentation [F], environmental [E], and spatial [S] effects in explaining the 
distribution of variation in A) genetic diversity (HS), and B) genetic composition among sites. 
Fragmentation variables were measured at 5 scales, shown along the x-axis. Genetic diversity 
and composition were calculated from rarified datasets that corrected for sample size variation 
among sites. Symbols are as follows: : union, : intersection, |: after accounting for. A table of 
variation partitioning results can be found in Appendix B (Table B.11). 
Discussion 
The objective of this study was to determine the unique and shared effects of environment, forest 
fragmentation, and spatial factors on population genetic diversity and genetic composition of 
Artibeus lituratus. Environmental factors reflecting tree composition and diversity, forest 
structure (understory density), and broader climatic trends together strongly accounted for 
genetic diversity within sites. There was also spatial structure in genetic diversity, as accounted 
for by longitude and several PCNMs, which was strongly shared with environment. The 
proportion of variation in genetic diversity that fragmentation could explain varied with scale, 
and fragmentation effects were shared with environmental and spatial effects at most scales. 
There was considerable overlap among all three predictor sets, and shared effects accounted for 
the largest proportion of variation in genetic diversity at most scales, particularly effects shared 
between spatial and environmental factors at 4-km and 64-km, and between fragmentation, 
spatial, and environmental factors at 16-km and 32-km. At 8-km, on the other hand, the amount 
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of variation explained by all predictor sets combined was very large, and the ability of predictors 
to explain unique (―pure‖) components of variation in genetic diversity was also maximized. In 
contrast to variation in genetic diversity, almost no variation in genetic composition could be 
accounted for at any scale, by any set of predictors. 
Proportion of variation in genetic composition and genetic diversity explained by predictor 
variables 
Fragmentation, environmental and spatial factors in combination could explain a considerable 
proportion of variation in genetic diversity among populations (~61–87%; Figure 4.2). In 
contrast, genetic composition was only weakly associated with any predictor, and consequently 
very little variation could be explained (<3.5%; Figure 4.2). This suggests that genetic diversity 
and genetic composition are influenced by different mechanisms in the study system, and that 
genetic composition may be stochastically distributed across space.  
 The low proportion of explained variation in genetic composition is in agreement with a 
previous analysis of this dataset that found little pair-wise genetic differentiation among 
populations and no isolation-by-distance (McCulloch et al. submitted), which was inconsistent 
with dispersal limitation restricting gene flow across the study area. This could be explained by 
the fact that A. lituratus is a potential high-mobility animal (Mendes et al. 2009), that appears to 
show resilience to fragmentation (Gorresen & Willig 2004). Both characteristics would allow A. 
lituratus to disperse broadly across the study region, preventing fragmentation or local 
environmental conditions from reducing gene flow and promoting genetic differentiation. 
 The results are in general agreement with other studies that have found patterns of genetic 
diversity and genetic structure can differ to various degrees, as can the processes that explain 
them (e.g. Brouat et al. 2004; Wellenreuther et al. 2011). For example, a study by Angers et al. 
(1999) determined the effects of drainage (connectivity among lakes) and lake characteristics 
(such as size) on genetic variation in brook charr, and found variation in genetic structure 
(composition) was explained primarily by drainage, while genetic diversity was weakly 
accounted for by either drainage factors or lake characteristics. This might be expected if 
different processes, such as genetic drift and gene flow, shape genetic diversity and composition 
respectively, and these in turn are differentially influenced by environmental and landscape 
variation. 
Scale-dependent contribution of fragmentation to genetic diversity 
There was strong scale-dependence in both proportion of variation in genetic diversity that was 
explained by fragmentation, and in which fragmentation variables contributed to that explanatory 
power. Measured at the smallest and largest spatial scales, fragmentation accounted for relatively 
little variation in genetic diversity (10-15%), but at intermediate scales it explained much more 
variation (8-km = 20%, 16-km = 35%, 32-km = 39%). At the two smallest scales (4-km, 8-km), 
only the amount of forest edge contributed significantly to explaining variation in genetic 
diversity, and at the largest scale fragmentation effects reflected primarily connectivity/isolation 
of forest patches. At intermediate scales, more variables contributed to explaining variation in 
genetic diversity, although selected variables differed considerably between 16-km and 32-km. 
At 16-km, fragmentation effects on genetic diversity reflected variation in aspects of patch 
configuration across the study region (patch density, proximity, edge density), while in contrast, 




patch shape complexity. Considerable variation in effects of fragmentation, and in variables that 
drive those effects, illustrates the importance of accounting for spatial scale. 
Investigations that account for scale-dependent landscape effects on genetic variation are 
uncommon, but what little research exists has documented such effects (Angelone et al. 2011; 
Galpern et al. 2012; Murphy et al. 2010; Rasic & Keyghobadi 2012). Furthermore, previous 
studies have indicated scale-dependence in the influence of fragmentation on bat assemblages. 
For example, Gorresen & Willig (2004) and Gorresen et al. (2005) investigated effects of forest 
fragmentation on bat communities and species abundance at a series of sites in eastern Paraguay 
and found scale-dependence in both the identity and strength of associations. For instance, edge 
density positively predicted abundance of A. lituratus when measured at 5-km radii, but only 
marginally accounted for variation in abundance at the 3-km scale, and did not have significant 
effects at 1km. In general, bats showed a greater number of significant responses to landscape 
characteristics at larger than at smaller scales, a result consistent with findings from other highly 
mobile mammals (Galpern et al. 2012; Klingbeil & Willig 2010). Most assemblage studies have 
focused on relatively small spatial scales and extents, and do not address whether effects of 
fragmentation on abundance would be sustained at larger scales. The results of the present study 
are consistent with fragmentation effects at larger scales, particularly evidenced at 16-km and 32-
km. My results support previous assessments that analyzing landscape effects at larger spatial 
scales may be more appropriate for highly mobile species (Galpern et al. 2012), and that it is 
essential to account for scale in order to better interpret importance of particular predictors 
(Anderson et al. 2010).  
Shared contributions of multiple factors to genetic diversity 
Variation-partitioning analyses indicated a sizeable proportion of shared explanatory power 
between fragmentation, environmental and spatial factors, illustrating the importance of 
considering interactions between selected explanatory variables in order not to misinterpret or 
over-emphasize their effects. Redundancy was most evident in the large component of 
explanatory power shared by all three predictor sets at intermediate scales, and in the shared 
capacity of environmental and spatial factors to account for genetic diversity at the smallest and 
largest scales. These results illustrate the potential for strongly shared explanatory power among 
predictors, and suggest that landscape genetics studies could benefit from accounting for such 
effects.  
While co-variation among predictors can complicate interpretation, by analyzing multiple 
predictor sets simultaneously it is also possible to gain a more nuanced understanding of their 
effects. For example, spatial factors explained a large proportion of variation in genetic diversity, 
and those effects tended to be shared with environment. While a significant effect of spatial 
variables is usually interpreted to represent dispersal limitation, spatial effects observed in these 
data are unlikely to be dispersal mediated because: 1) significant and strong spatial effects are 
restricted to genetic diversity, and not found in genetic composition as would be expected under 
dispersal limitation, and 2) previous analyses of this dataset (McCulloch et al. submitted) 
indicate high levels of gene flow. These lines of evidence suggest dispersal is not an important 
process in this system and so significant shared spatial and environmental effects likely represent 
an environmental effect, which is not unexpected because many environmental factors form 
gradients; variation explained uniquely by spatial factors could also reflect unmeasured 
environmental effects. This co-variation among predictors can reflect real complexity of natural 




large scales had almost no relationship with measures of forest structure or tree composition, 
were only weakly correlated with tree diversity, but were strongly correlated with climate 
variables and to a lesser extent longitude, which were also highly inter-correlated. Strong 
correlation between climate variables and longitude suggest a mechanism behind shared 
explanatory power of environmental and spatial factors. Reasons for shared effects of 
environment and fragmentation are less clear, and could reflect a relationship between climate 
and fragmentation (perhaps arising from selective deforestation for agriculture), or similar 
responses of genetic diversity to variation in both predictors.  
Variation in genetic diversity accounted for by environment and fragmentation could 
reflect effects of population size (genetic drift), mediated through resource availability 
(environment) and habitat area (fragmentation). Resource limitation is a plausible mechanism 
affecting population size, and consequently genetic diversity, in this study system. A. lituratus 
depends on forest for foraging and roosting, and thus environmental conditions and habitat 
quantity might be expected to limit population sizes, which could be indicated by a strong effect 
on genetic diversity. Neotropical frugivores in Amazonia bat assemblages were found to respond 
to forest configuration when resources were abundant in the wet season and to forest area in the 
dry season, and resource availability was hypothesized to drive observed changes in abundance 
(Klingbeil & Willig 2010). Variation in resource availability could be reflected in tree 
composition and diversity, as well as by trends in climate and understory density across the site, 
and forest area was strongly represented at the spatial scale at which fragmentation explained the 
most variation in genetic diversity. However, relationships among explanatory variables, and 
between those variables and genetic diversity, are difficult to disentangle, and caution should be 
used inferring their nature and consequences. 
―Pure‖ effects at 8-km scale 
At interesting result from the variation-partitioning analyses was the contrast between 
patterns of genetic diversity explained by independent and shared predictor components at the 8-
km spatial scale versus other scales. Independent components (―pure‖ effects) of fragmentation, 
environmental and spatial factors, were not significant at any other scale, but at 8-km pure 
components accounted for ~17% of variation in genetic diversity, on average. It is possible that 
co-linearity among explanatory variables is minimized at this scale, so that individual effects of 
these multiple processes can be better disentangled. Alternatively, genetic diversity might be 
responding to different processes in different ways at this spatial scale. In either case, analyses at 
this scale suggest that spatial processes, environmental characteristics and fragmentation are not 
necessarily redundant, but can explain complementary fractions of variation in genetic diversity 
of populations across landscapes. These results emphasize that to detect complementarity among 
hypotheses, it is critical to consider population responses at multiple scales.  
Potential challenges 
In analyses of environmental variables, it is either assumed that environmental conditions 
measured now have been relatively constant, or that populations have had sufficient time to 
respond to changes if any have occurred. The first assumption is uncertain for some variables, 
perhaps especially those associated with forest structure such as understory density. The latter 
assumption is supported by results from previous simulations (McCulloch et al. submitted), 
which indicated that populations should respond rapidly to changes in gene flow. Nonetheless, 




the 50 generations for which simulations were run. It is therefore possible that analyses are 
detecting a historical environmental effect mediated by population size. A significant amount of 
variation explained by environment should at least reflect commonality between present and past 
conditions, although it may underestimate the importance of present environmental conditions in 
structuring populations. 
Additionally, further work in this system could benefit from data on matrix composition 
and age of deforestation, both of which likely vary across the region. Matrix can have an 
importance influence on isolation and area effects (Kupfer et al. 2006), and regions that have 
been deforested longer have had more time to influence populations and consequently genetic 
variation. However, data on the history of land use in the region is not readily available, and 
accounting for such factors is beyond the scope of the present study.  
Conclusions 
To my knowledge, no one has investigated shared and unique effects of environment, spatial 
factors, and fragmentation at multiple spatial scales on genetic variation. Results illustrate the 
importance of accounting for scale-dependence when interpreting effects of explanatory factors 
on genetic variation, and that accounting for simultaneous effects of multiple possible predictors 
is also critical, because different processes can explain similar patterns in genetic data. High 
genetic diversity and poor ability of any spatial or landscape predictor to explain genetic 
composition among sites indicate A. lituratus has high dispersal capacity. Nevertheless, strong 
effects of environmental conditions, spatial factors, and fragmentation on genetic diversity 
suggest that these bat populations are responding to aspects of their environmental and landscape 
context, although the nature of those relationships is difficult to determine. 
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CHAPTER 5. CONCLUSIONS 
Summary and Insights from Results 
In Chapter 2, from ~101 Mb (255,065 unique reads) of sequence data from a widespread and 
important seed-dispersing bat, Artibeus lituratus (Phyllostomidae), I located 19,395 
microsatellite loci containing flanking regions suitable for marker development, of which 2,539 
met stringent criteria for primer development. Of those, I tested 96 loci for amplification across 
A. lituratus and 6 related phyllostomid species: A. planirostris and A. fimbriatus (same subgenus 
as the focal species A. lituratus: Artibeus), A. phaeotis (different subgenus: Dermanura), 
Enchisthenes hartii (closely-related genus, previously A. hartii), Sturnira lilium (same 
subfamily: Stenodermatinae), and Carollia perspicillata (different subfamily: Carolliinae). Loci 
amplified well for all seven species: A. lituratus (93.8%), A. planirostris (84.4%) and A. 
fimbriatus (90.6%), A. phaeotis (68.8%), E. hartii (82.3%), S. lilium (81.3%) and C. perspicillata 
(78.1%). There was a general trend towards decreasing amplification success with increasing 
genetic distance from A. lituratus. I screened selections of microsatellite loci for polymorphisms. 
Tests for polymorphisms also showed high success with even distantly related species. Most 
species were polymorphic for 80% or more of the loci tested. Even S. lilium, a member of a 
distantly related genus within the same subfamily as A. lituratus, was polymorphic for half of the 
loci tested. C. persicillata showed the poorest success in general, yet it was polymorphic for 25% 
of markers tested.  
 The detection of large numbers of microsatellite loci using second-generation sequencing 
was not only rapid, but also cost and time effective. Furthermore, contrary to results from other 
studies, microsatellite loci developed for A. lituratus amplified very successfully and showed 
relatively high levels of polymorphism across species not only within the same genus, but also 
within the same subfamily and family, suggesting these loci could be used not only to study A. 
lituratus but also other phyllostomid bats. By testing a panel of markers across related species it 
would be possible to select markers that have priming sites conserved across a panel of focal 
species, therefore facilitating the study of multiple related species with one set of markers. In 
addition to the general potential utility of this method of marker development, markers that 
amplify for multiple phyllostomid bats could be useful in answering questions of conservation, 
ecological and evolutionary import. Bats are often the most abundant plant-visiting mammals in 
the tropics (Patterson et al. 2003), and New World seed-dispersing and pollinating bats are all in 
the family Phyllostomidae. Investigating the causes and consequences of the distribution of 
genetic variation in these bats is especially relevant because highly mobile pollinating and seed-
dispersing taxa can play an important role in mediating plant population responses to habitat 
disturbances (Kunz et al. 2011), particularly in the tropics where habitat loss is a growing threat 
(Hubbell et al. 2008; Laurance et al. 2001). Nevertheless, research on the genetic structure of 
tropical and subtropical taxa is limited (Storfer et al. 2010), particularly for plant-visiting species, 
but availablity of genetic markers will make such studies easier. 
The methods utilized in Chapter 2 and in recent papers (Castoe et al. 2010) for 
developing microsatellite markers are increasingly useful in answering a wide range of questions 
for non-traditional model organisms. Microsatellite markers are the marker of choice in many 
avenues of research including population and landscape genetics, conservation genetics, 
behavioral ecology and the forensic sciences (Buschiazzo & Gemmell 2006) because of their 




neutral processes (Ellegren 2004). They are particularly useful for studying recent genetic 
changes in populations (Selkoe & Toonen 2006), which are often of interest in the growing fields 
of landscape genetics (Holderegger & Wagner 2006; Manel et al. 2003; Storfer et al. 2007) and 
conservation genetics (Frankham 1995a). In the subsequent chapter, I used the markers 
developed in Chapter 2 to investigate determinants of population genetic structure in regions 
where relatively recent but extensive deforestation has resulted in a highly fragmented landscape. 
In Chapter 3, I evaluated whether recent fragmentation of Alto Paraná Atlantic forest 
(APAF) in Paraguay has caused population sub-division of A. lituratus, a widespread 
Neotropical seed-disperser, by comparing population genetic structure among fifteen sites in the 
heavily fragmented APAF of eastern Paraguay with structure among five sites in relatively 
contiguous APAF in Misiones, Argentina. I found that genetic structure of A. lituratus was weak 
throughout the study region, and genetic structure among sites was not significantly different 
between continuous and fragmented landscapes using any measure of genetic distance. Moreover, 
genetic and geographic distances were not significantly correlated, regardless of the set of sites 
or genetic distance measures used. Furthermore, simulated population genetic structure was 
strongly influenced by movement: genetic differentiation increased with decreases in dispersal 
distance or migration rate. Simulation results also indicated that reduced migration among 
patches should be detectable in empirical data given the genetic sampling and expected time 
since fragmentation. Finally, a comparison of simulations with empirical data indicated that 
empirical results were consistent with intact, or nearly intact, contemporary migration between 
sites and long-distance dispersal ability. The study suggests that population connectivity of A. 
lituratus is relatively resilient to forest fragmentation effects, as demonstrated by surprisingly 
high levels of genetic connectivity across a region of ~140,000 km
2
, much of which is heavily 
deforested.  
Weak genetic structure and relatively high genetic diversity of A. lituratus in the study 
region could be explained by several aspects of the ecology of A. lituratus, including its broad 
distribution, potential high-mobility foraging strategy, and status as a relatively generalist 
frugivore. If generalist species are relatively robust to habitat fragmentation, as some studies 
imply (e.g. DiLeo et al. 2010), this could have positive implications for conservation in the study 
region, and elsewhere in the Neotropics. Specifically, the Paraguayan bat fauna, to an 
exceptional degree, consists of generalist taxa. Moreover, many are broadly distributed 
throughout the Neotropics, making their response to habitat fragmentation relevant for multiple 
tropical and subtropical regions where forests are or will soon be fragmented (e.g. Amazonia); 
the most common species in the study region possess the largest range size of any phyllostomid 
species: A. lituratus (frugivore), Sturnira lilium (frugivore), Carollia perspicillata (frugivore), 
and Glossophaga soricina (nectivore) (Stevens et al. 2004). However, more research is 
necessary to determine differential effects of fragmentation on gene flow in generalist and 
specialist species, particularly for seed-dispersing taxa in the tropics. 
If there is weak genetic structure in A. lituratus, which is relatively generalist and 
numerically dominant (in the study region; Stevens et al. 2004), it is possible that plant species 
that depend on A. lituratus for dispersal (inlcuding Ficus spp.) might also be expected to to be 
panmictic across the same region, thus buffering the community from some impacts of 
deforestation. However, more research will be needed in order to understand whether potential 
resilience of seed-dispersers translates into resilience of plant species that interact with them. 
Similarly, other studies are necessary to determine conditions governing resilence in potentially 




In Chapter 4, I determined the unique and shared effects of environment, habitat 
configuration (forest fragmentation), and spatial factors on the distribution of genetic variation in 
A. lituratus across a heterogeneous landscape. Genetic composition was only weakly associated 
with any of the predictor variables at any scale, and consequently very little variation in genetic 
composition could be explained (<2%). However, a very large amount of variation in genetic 
diversity could be explained by the combined effects of fragmentation, environmental and spatial 
factors (~61-87%). Environment analyzed alone explained the most variation in genetic diversity 
among sites of any predictor set (~60%), and fragmentation measured at intermediate scales also 
accounted for a large proportion of variation in genetic diversity (~39%). There was strong scale-
dependence in both the magnitude of fragmentation effects, and the variables that underlay said 
effects. Additionally, there were strong shared effects on genetic diversity among all three 
predictor sets, except at the 8-km scale, where strong and significant proportions of variation in 
genetic diversity were accounted for uniquely by each predictor set (―pure‖ effects).  
These results generally align with results from other studies that have found that variation 
in genetic diversity across a landscape can differ from that of genetic composition, as can the 
processes that account for them (e.g. Angers et al. 1999; Brouat et al. 2004; Wellenreuther et al. 
2011). However, because relatively few studies specifically account for the shared and unique 
variation explained by multiple processes, it is difficult to determine why, or what processes will 
prove important for particular taxa.  
Unknown is whether other highly mobile species exhibit similar patterns to those found 
in this system. If A. lituratus had high mobility regardless of the level of structural connectivity 
of forest, then neither spatial processes nor habitat configuration should strongly account for 
genetic composition, which is what was found, and environmental conditions would only be 
expected to influence genetic composition if habitat selection strongly limited gene flow. 
Furthermore, the low proportion of explained variation in genetic composition is concordant with 
analyses from Chapter 3 that found weak genetic structure among populations and no isolation-
by-distance. Results from both Chapter 3 and Chapter 4 are inconsistent with dispersal limitation 
and thus restricted gene flow across the study area, but expected if A. lituratus is a highly mobile 
animal (Mendes et al. 2009) that is relatively resilient to fragmentation (Gorresen & Willig 
2004), as some studies suggest. However, further research would be needed to determine if 
potential high-mobility species often exhibit panmixia or near-panmixia in fragmented habitat, 
and to determine the mechanism by which environment and fragmentation have strong effects on 
genetic diversity.  
The Role of Multiple Landscape and Environmental Processes in Structuring Genetic 
Variation in an Important Seed-Dispersing Bat  
Changes occurring in ecosystems due to anthropogenic disturbance are increasingly common and 
of great interest to basic researchers and conservationists alike. In particular, deforestation and 
resultant fragmentation are a pervasive and rapidly growing threat to biodiversity and species 
persistence (Fahrig 2002; Fahrig 2003; Fischer & Lindenmayer 2007; Frankham 1995b), but also 
represent an opportunity to improve our understanding of how contemporary populations evolve 
in the wild. However, habitat fragmentation is not limited in its scope to one area, but can extend 
across a variety of environmental conditions and landscape features. Thus, we face a growing 
need to understand responses of populations and communities in the aftermath of fragmentation, 
and the mechanisms that shape those responses, but we cannot expect to gain such an 




fragmentation to influence populations. Adopting such a holistic approach may be especially 
important in the tropics, where recent human development is exacting a heavy toll on some of 
the most diverse terrestrial ecosystems (Hansen et al. 2008; Hubbell et al. 2008; Laurance et al. 
2001). 
I investigated effects of multiple landscape and environmental processes on genetic 
structure and diversity of a widespread and important seed-dispersing bat, A. lituratus, in a 
heterogeneous landscape in eastern Paraguay and northeastern Argentina. Farms and ranches 
have replaced huge areas of Atlantic Forest in eastern Paraguay over the last 60 years, mirroring 
the large-scale removal of this rare and diverse forest type, now found only in remnants of its 
original distribution throughout South America. In contrast to Paraguay, a neighboring area of 
Misiones, Argentina, retains roughly a million hectares of Atlantic forest. 
I found that forest fragmentation does not seem to have resulted in detectible reductions 
in gene flow between sites across Paraguay, nor is there any indication of significant dispersal 
limitation across a region of ~140,000 km
2
, much of which is heavily deforested. While little is 
known about the average dispersal distance of most bat species, one study did document 
recapturing a juvenile male A. lituratus more than 30 km from it’s original tagging location in 
Brazil (Mendes et al. 2009). While this illustrates that A. lituratus has the capacity for at least 
occasional long-distance movements, my study suggests that such movements occur with enough 
frequency to maintain genetic connectivity among sites across a relatively large region. 
Comparing empirical genetic structure with genetic structure from simulations in Chapter 3 
indicates that 1) if gene flow were being reduced, it should be detectable in only a few 
generations given the data, and 2) empirical results are consistent with frequent and long-
distance dispersal movements. Analyses in Chapter 4 support the conclusions of Chapter 3, and 
additionally indicate that genetic structure (composition) does not appear to be strongly 
explained by any measured process, including habitat fragmentation and space. This is consistent 
with A. lituratus being highly mobile and showing little genetic structure across the study region.  
Landscape and environmental processes do appear to significantly influence the 
distribution of variation in genetic diversity across the region. In fact, environment, and 
fragmentation at intermediate scales, explains large proportions of variation in genetic diversity. 
Furthermore, the scale at which fragmentation is measured strongly influences both the 
fragmentation variables that significantly account for genetic diversity, and the amount of 
diversity they can explain. However, variation-partitioning analyses reveal that the explanatory 
power of fragmentation was strongly shared with environment at most scales. Results from 
Chapter 3 and Chapter 4 both indicate that gene flow is not limited, suggesting that effects of 
environment and fragmentation on genetic diversity are probably mediated through genetic drift 
and population size. Strong effects of specifically climate, forest structure, and tree composition 
and diversity, on genetic diversity might arise because A. lituratus depends on forest for foraging 
and roosting. Moreover, the distribution of habitat (fragmentation) also determines the total 
accessible forest area. Thus, environmental conditions and habitat quantity might be expected to 
govern population size. It is also possible that processes that were not accounted for, but which 
co-varied with either environment or fragmentation, could explain results. More research would 
be necessary to determine the mechanisms influencing relationships between environmental 
conditions, habitat configuration, abundance, and genetic diversity. However, Chapter 4 
illustrates the importance of accounting for scale, because it can influence interpretations of 
responses of animals to their habitat, and that accounting for multiple possible predictors is 




Results suggest that A. lituratus is relatively resilient to effects of forest fragmentation. It 
would be premature to conclude that A. lituratus is entirely unaffected by fragmentation, but 
results are consistent with frequent inter-site movements. A. lituratus’ broad distribution, 
potential high-mobility foraging strategy, and being a relatively generalist frugivore could all 
contribute to little genetic differentiation across the study region. Other bats in Paraguay share 
subsets of those traits (López-González 2005). If generalist species are relatively robust to 
habitat fragmentation, this could have positive implications for conservation of Atlantic forest in 
the study region and possibly for forests elsewhere in the Neotropics. 
It would be informative to investigate the determinants of genetic variation in A. lituratus 
in other regions that are experiencing extensive landscape changes, or comparing results from A. 
lituratus to other bat species that differ in important aspects of their ecology and life-history. The 
broad distribution of A. lituratus make it a good model to assess landscape and environmental 
determinants of genetic variation: results from this study can be compared with other regions 
where A. lituratus is found and that are experiencing rapid habitat alternation (Amazonia and 
Central America). In addition, common species such as A. lituratus can form a baseline with 
which to compare population responses of other bats (Whiteley et al. 2006). By comparing 
demographic responses of the same species across multiple regions, it may be possible to further 
illuminate the relationship between genetic variation and processes that influence it, and 
comparing responses of multiple species within a single region could improve our understanding 
of traits that are important in determining species’ response.  
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APPENDIX A. SUPPLEMENTARY MATERIAL FOR CHAPTER 3 
Additional Methods 
Field work 
At each of the 20 sites, ten mist nets were set up, open 1900hrs-2400hrs and checked every half 
hour, for 1-6 consecutive nights. Captured A. lituratus were removed from nets and kept in 
individual cloth bags until either they were released or euthanized (Gannon et al. 2007). All 
handling was conducted according to the Louisiana State University (LSU) animal care and use 
protocol number 08-040 and followed guidelines of the American Society of Mammalogists 
(Sikes et al. 2011). Voucher specimens will be deposited in the LSU Museum of Natural 
Sciences and in public collections in the country of origin: Museo Nacional de Historia Natural 
el Paraguay (MNHNP) in San Lorenzo, Paraguay, and Instituto Miguel Lillo in Tucumán, 
Argentina. 
Polymerase chain reaction (PCR) and genotyping 
Fifteen microsatellite loci were genotyped (Table A.2): loci AjA40, 80 & 151 were developed by 
Ortega et al. (2002) for A. jamaicensis; other markers were developed by McCulloch & Stevens 
(2011) from A. lituratus sequence data. Universal M13 primer tail (Schuelke 2000: 
TGTAAAACGACGGCCAGT) was added to the forward primer, except for loci AjA-151 & 
AjA-40, which were individually labeled with fluorescent dyes (HEX [reverse primer labeled] 
and TET, respectively). Schuelke’s (2000) suggestion that primers with an M13 tail (forward 
primer) be used at 1/4
th
 volume of the other two primers (reverse primer, and fluorescently 
labeled universal M13 primer) was followed. For PCR each locus was amplified in a final 
volume of 20 uL with the following components: 1 uL of 10-360 ng/uL DNA template, 1 uL of 
1.5 U Taq DNA polymerase, 1 uL each of 20 uM reverse primer and universal fluorescently-
labeled M13, 0.25 uL forward primer (with M13 tail), 0.96 uL of 25 nM MgCl2, 2 uL of 10x 
PCR buffer, 0.4 uL of 10 nM dNTP, and autoclaved Nanopure H2O to reach final volume. 
Thermocycler programs were as follows: Cycling conditions for AjA151 and AjA80 were 5 min 
at 95°C, followed by 30 cycles of 95°C for 45s, 56°C for 45s, 72°C for 45s, followed by 8 cycles 
of 95°C for 45s, 53°C for 45s, 72 for 45s, and a final step of 64°C for 45 min. Cycling conditions 
for AjA40 were 5 min at 95°C, followed by 30 cycles of 95°C for 45s, 50°C for 45s, 72°C for 
45s, and a final step of 64°C for 45 min. Cycling program for all other loci (from McCulloch & 
Stevens [2011]) was 5 min at 94°C, followed by a step-down procedure for 10 cycles of 94°C for 
30s, 60°C-50°C (bump down 1°C every cycle) for 45s, 72°C for 1 min, followed by 25 cycles of 
94°C for 35s, 50°C for 45s, 72°C for 1 min, and a final step of 72°C for 10 min. PCR product 
was duplexed for genotyping. Samples were genotyped with a 3130XL Genetic Analyzer 
(Applied Biosystems) at the LSU Genomics Facility, using ROX 400 Ladder (Applied 
Biosystems). All alleles were scored by ESM. Sizes were determined in GeneMapper version 4.0 
(Applied Biosystems) and scoring was semi-automated: bin sets were established to aid in 
scoring, but all reads were individually inspected.  
Missing data 
Missing data for locus AjA80 was replaced with alleles randomly chosen from the global pool of 
AjA80 alleles, where the probability of being chosen corresponded to the allele’s global 
frequency (across all sites). To assess whether this random-draw replacement was creating 




draw replacement) dataset were correlated with PCA distances calculated using the original 
(unmodified) dataset, but in which missing allele data for locus AjA80 had been replaced—after 
transforming the dataset into an allele frequency matrix—with the mean global frequency for 
that allele (standard missing data option for PCA). The random-draw replacement was done 10 
times, and each time the modified dataset was correlated with the original dataset. A Mantel 
statistic (rM) > 0.98 (p-value < 0.001) was found each time (example in Figure A.2), and there 
were no indications of artificial structure. Thus, all genetic analyses were conducted using the 
modified (random-draw replacement for locus AjA80) dataset. 
Bayesian analyses 
Bayesian analyses can provide an estimate of the ―true‖ number of populations (―clusters‖: K) 
when there is clear signal in the genetic data. ―Structure‖ (Pritchard et al. 2000) and the R 
package ―Geneland‖ (Guillot et al. 2005) were used to estimate K. Both methods determine K by 
maximizing HWE and linkage disequilibrium within clusters, but Geneland utilizes individual 
spatial coordinates in addition to genotypic data. Structure was run under the correlated allele 
frequency and admixture models (Falush et al. 2003), and the following settings: lambda: 0.5, 
separate alpha per cluster, burn-in: 500000, 3 million MCMC reps, and used sampling locality 
information (Hubisz et al. 2009). Other parameters were set to default. Geneland was run with a 
correlated allele frequency model and 2 million MCMC iterations, saving every 500 iterations 
(4000 saved, burn-in: 800). I followed suggestions from the manual and Guillot (2008) for 
parameterizing function ―MCMC‖. Additional runs were planned for K with the highest posterior 
probability; however, only one cluster was inferred. 
Effects of underestimating bat density 
Underestimating population sizes could increase the perceived effect of drift, which can lead to 
biased estimates of genetic structure. If bat density were underestimated in the study system, the 
simulations might show greater genetic structure due to drift rather than reduced migration given 
a particular level of fragmentation. Thus, additional simulations were run using large densities to 
determine whether these yielded substantively different results than using small densities. 
Unfortunately, using bat densities larger than 4 bat/ha for a complete set of simulations (15 
populations) required prohibitively great computer power. I therefore simulated an artificial set 
of 3 sites with large bat densities (20 bats/ha), and compared it to simulations based on the same 
bat density used in the main set of simulations (4 bats/ha) for those same 3 sites. For these 
simulations, area and inter-site distances for the 3 simulated sites were calculated as average area 
and less than the average inter-patch distances of empirical sites (Table A.3). These analyses 
showed that the effect of increasing bat density from 4 bats/ha to 20 bats/ha was minimal and 
unlikely to change conclusions of the main set of simulations (Figure A.4). Therefore, while 
much larger than predicted population sizes (>20 bats/ha) could contribute to empirical patterns 
of low differentiation, these data suggest that such effects are not so great as to account for 





Table A.1. Site information, abbreviations with no. bats genotyped (N) in parentheses, temperature (Tmin and Tmax) and 
precipitation data (obtained from WorldClim: www.worldclim.org), as well as heterozygosity (HS) calculated in ―adegenet‖ (function 
―Hs‖), and no. private alleles (unique to a site). Variation in minimum and maximum temperature (StDev) was similar for all sites 
(3.6°C and 3.4°C, respectively). Sites situated in continuous forest in Misiones, Argentina are Igz1, Igz2, Igz3, Urug, and Yate. The 
five sites situated in the fragmented landscape of eastern Paraguay and used for direct comparison to continuous sites are Itab, Limo, 






















E. Arakangy Arak (28) PY (Caaguazú) Private landowner -55.59808 -24.53959 255 16.30 27.59 127.23 31.98 Mar-09 0.77 142 3 
RB Carapa Cara (27) PY (Canindeyú) Itaipu Binacional -54.37694 -24.37177 256 15.19 27.49 134.99 30.66 Jan-09 0.75 134 1 
RN Privada 
Cerrados de 
Tagatiya (E. Garay 
Cue) Cerr (24) P  (Concepci n) 
Massimo & 
Angela Coda -57.28460 -22.74496 189 17.87 29.46 114.48 46.88 
Feb-08 (7), 
Mar-09 (17) 0.79 138 1 
R. Guyra Reta (PN 
San Rafael) Guyr (34) PY (Itapúa) Guyra Paraguay -55.78692 -26.52018 169 15.09 27.62 137.17 31.64 Feb-09 0.78 149 3 
PN Iguazú Igz1(19) AR (Misiones) 
National Parks 
Service -54.47850 -25.68220 235 14.23 27.56 144.08 25.94 Apr-09 0.77 136 0 
PN Iguazú Igz2 (27) AR (Misiones) 
National Parks 
Service -54.44741 -25.74535 242 14.07 27.49 144.42 26.31 Apr-09 0.78 143 4 
PN Iguazú Igz3 (26) AR (Misiones) 
National Parks 
Service -54.40028 -25.64692 208 14.37 27.65 144.34 33.07 Apr-09 0.76 135 2 
RB Itabo Itab (19) PY (Alto Paraná) Itaipu Binacional -54.70311 -25.05982 270 14.94 27.02 136.87 29.15 Jan-08 0.77 126 1 
RN Ka  Rag e KaiR (19) PY (Amambay) 
Massimo & 
Angela Coda -56.25228 -23.28971 193 17.22 28.80 120.23 41.85 Feb-08 0.77 124 0 
RB Limoy Limo (32) PY (Alto Paraná) Itaipu Binacional -54.45315 -24.75069 250 14.52 27.26 135.68 29.11 Jan-08 0.77 145 1 
RN Maharishi Maha (29) PY (Alto Paraná) 
Maharishi Country 
of World Peace 
S.A. -54.63080 -25.56290 206 15.06 27.68 142.17 23.51 Mar-09 0.78 146 0 
RN del Bosque 
Mbaracayú 
(RNBM: Central 
Station) Mba1 (19) PY (Canindeyú) 
Fundaci n Mois s 
Bertoni -55.50383 -24.12587 186 16.78 28.16 134.94 36.51 Feb-09 0.79 143 3 
RNBM (Karapa 
Station) Mba2 (26) PY (Canindeyú) 
Fundaci n Mois s 
Bertoni -55.34640 -23.99650 426 15.51 27.16 136.33 36.68 Feb-09 0.78 133 2 
RN Privada 
Morombí (E. 
Golondrina) Moro (27) PY (Caaguazú) 
Campos Morombí 
S.A.C.A. (Grupo 
Riquelme) -55.39598 -24.66280 283 16.03 27.48 130.68 33.20 
Feb-08 (13), 




Table A.1. cont’d 
RB Pikyry Piky (34) PY (Alto Paraná) Itaipu Binacional -54.51331 -25.19949 233 14.89 27.15 140.11 30.28 Jan-09 0.77 151 0 
RB Mbaracayú 
(Salto) Salt (41) PY (Canindeyú) Itaipu Binacional -54.30590 -24.04641 259 16.04 27.59 133.95 38.14 Jan-09 0.79 173 2 
RN Privada Tapyta Tapy (30) PY (Caazapá) Guyra Paraguay -55.80205 -26.27137 202 15.00 27.27 133.36 33.58 Feb-09 0.80 151 0 
RB Tati Yupi Tati (25) PY (Alto Paraná) Itaipu Binacional -54.58327 -25.36409 223 15.32 27.44 141.41 28.30 Jan-09 0.77 138 0 
PP Urugua-í Urug (31) AR (Misiones) State Park Services -54.17043 -25.85995 303 13.18 26.72 146.00 30.54 May-09 0.78 136 1 
RN Privada Yate-í Yate (28) AR (Misiones) 
Conservacion 
Argentina -53.98210 -25.85749 383 12.57 26.01 149.25 31.75 May-09 0.78 136 1 
PP: Parque Provincial (State Park), PN: Parque Nacional (National Park), RB: Refugio Biologico (Biological Refuge), R: Reserva 




Table A.2. Loci description including name used in text, repeat motif (Rep.), original ID (only applicable for primers from McCulloch 
& Stevens [2011]), primer sequence, no. alleles (A), size range (bp) for A. lituratus, expected and observed heterozygosity across sites 
(calculated in adegenet for 14 loci included in analyses), and FIS calculated in Genepop v4.0.10. Loci AjA40, 80 & 151 were 
developed by Ortega et al. (2002) for A. jamaicensis; other markers were developed by McCulloch & Stevens (2011) from A. lituratus 
sequence data. Locus N29507 was excluded from genetic structure analyses due to high FIS, and was out of HWE. 
Name Rep.  ID   Sequence A Size range (bp) HE HO FIS 
AjA151 GT NA F:  GGGTGGAAAGGGAGAGAAAA 27 134-186 0.91 0.90 0.02 
  
NA R:  AAGCTCTTCCCTGACCACTTA 
     AjA40 GT NA F:  GATGTGAATGGTGTTTTTAGAGCTT 19 184-226 0.75 0.74 0.05 
  
NA R:  CTCTACAGTGGACCCACATCATT 
     AjA80 CA NA F:  ATGTGCTCAATCCACTGAACTAGA 20 125-165 0.90 0.88 0.03 
  
NA R:  ATCCACTGACAGATGAATGGATAAA 
     F05378 TCTG AL2_05378 F:  CCAGGTCAGCCAAGGTAACG 18 151-201 0.90 0.83 0.08 
  
AL2_13822 R:  TGGGAGAAAGAGAGTTGGGC 
     F13578 AAC AL2_13578 F:  AGGCGGTCATGTAAGTTGGC 14 391-433 0.79 0.80 0.02 
  
AL2_22124 R:  CTCTACCTGCATGTGGGTGC 
     F20293 TGCC AL2_20293 F:  CCAGTCAAGGTGTGAGCAGG 10 402-438 0.68 0.71 -0.02 
  
AL2_18937 R:  TGGGATATGGGAAGTGAGGG 
     F25023 AATC AL2_25023 F:  GTTGCAGGTTCAATCCTCCC 14 142-210 0.66 0.66 0.03 
  
AL2_06886 R:  CTCAACCCACTGAGCACACC 
     F27850 AATG AL2_27850 F:  TCCACAGCTAAGGGACTAACCC 13 220-272 0.78 0.78 0.01 
  
AL2_25954 R:  TGGCCTTTCAATTACACCCC 
     N00821 ATGG AL2_00821 F:  CAGAGGCAGGTCAAAGGAGG 13 263-319 0.87 0.83 0.08 
  
AL2_06824 R:  GCCATATGCTTCTTGCTCCC 
     N01230 TC AL2_01230 F:  AATGCAAATCAAATGCAGCC 24 223-287 0.86 0.80 0.09 
  
AL2_24257 R:  TTTGTTCTCCAGCCTTGTTCC 
     N05700 AACT AL2_05700 F:  CTTTCCTTCCACACCCAACC 15 273-367 0.75 0.77 0.01 
  
AL2_16761 R:  GTGCCTCTGAGGAGGATGC 
     N11949 ATT AL2_11949 F:  GAGGCCACAGAAGCTGAAGG 20 354-416 0.78 0.75 0.06 
  
AL2_13284 R:  GGTCCACAATGGAGGATAAGG 




Table A.2. cont’d 
N16384 ATCT AL2_16384 F:  GGGCCAAATCCAATGAGTAGC 28 190-312 0.91 0.88 0.05 
  
AL2_12662 R:  CCTGCCACTTGGTAGGTTGG 
     N25522 AAAT AL2_25522 F:  GCTAGGTATGGGGCTGTATTCC 15 234-288 0.60 0.63 -0.01 
  
AL2_16051 R:  CACCTTCTGGCCTCAATTCC 
     N29507 AAAC AL2_29507 F:  GCTGGGACAGTTCAGGTTCC 14 283-325 
  
0.16 





Table A.3. Spatial coordinates and predicted population sizes for Easypop simulations: coordinates (based on empirical data), 
approximate area (for 2010 as reported by reserve management, and predicted area for 1960), proportion of remaining Paraguayan 
APAF represented by each site (present), and population sizes used to parameterize Easypop simulations for (A) 15 populations based 
on empirical sites and (B) 3 artificial populations. Effective population sizes (Ne) were calculated based on population density of 
(A/B) 4 or (B) 20 bats/ha, and Storz et al.'s (2001) Ne/N ratio (see Chapter 3 Methods for details).  
 




















Igz/ Igz2/ Igz3/ 
Urug/Yate -25.758377 -54.295752 1000000 NA 
 
1000000 1680000 
 Arak -24.539579 -55.598080 1000 0.06% 
 
4371 7400 
 Cara -24.371775 -54.376958 3250 0.19% 
 
14204 23800 
 Cerr -22.744962 -57.284580 5000 0.29% 
 
21853 36800 
 Guyr -26.520224 -55.786888 64000 3.76% 
 
279718 470000 
 Itab -25.059809 -54.703089 15200 0.89% 
 
66433 111600 
 KaiR -23.289731 -56.252293 9000 0.53% 
 
39335 66000 
 Limo -24.750688 -54.453137 14800 0.87% 
 
64685 108600 
 Maha -25.562910 -54.630750 300 0.02% 
 
1311 2200 
 Mba1/Mba2 -24.061181 -55.425154 67000 3.94% 
 
292829 492000 
 Moro -24.662789 -55.395982 25000 1.47% 
 
109265 183600 
 Pikyr -25.199462 -54.513287 800 0.05% 
 
3496 5800 
 Salt -24.046389 -54.305867 1356 0.08% 
 
5927 10000 
 Tapy -26.271387 -55.802081 4700 0.28% 
 
20542 34600 
 Tati -25.364108 -54.583260 2245 0.13%   9812 16400   
B) Artificial Pop1  -25.178833 -56.139459 NA NA 
 
128919 108300 541450 
Artificial Pop2 -25.198945 -54.504804 NA NA 
 
128919 108300 541450 






Table A.4. Pairwise measures of genetic differentiation: FST (upper half) and Jost's D (lower half). FST values were calculated in 
Genetix (Belkhir et al. 1996-2004 ) and Jost's D in DEMEtics (Gerlach et al. 2010). Values in dark grey fill & bold text are significant 
(p-value<0.05) and light-gray fill & italicized text indicate marginally significant p-values (0.05 - 0.1).  
  Arak Cara Cerr Guyr Igz1 Igz2 Igz3 Itab KaiR Limo Maha Mba1 Mba2 Moro Piky Salt Tapy Tati Urug Yate 
Arak   0.002 0.000 -0.004 -0.002 0.002 0.002 0.001 -0.003 0.009 0.000 -0.002 -0.005 0.002 -0.004 -0.001 0.003 0.006 0.003 0.004 
Cara 0.068   0.005 0.000 0.002 0.008 0.005 0.004 0.001 0.004 0.007 0.004 0.002 0.004 0.002 -0.001 0.010 0.007 0.009 0.008 
Cerr 0.049 0.013   0.000 -0.001 0.001 0.007 -0.006 -0.002 0.010 0.001 -0.003 0.002 0.001 0.003 0.000 -0.001 0.001 -0.001 0.001 
Guyr 0.055 0.000 -0.008   -0.002 0.001 0.002 -0.003 -0.004 0.001 0.003 -0.005 -0.001 -0.003 -0.002 -0.003 0.005 0.002 0.000 -0.002 
Igz1 0.077 0.014 -0.004 0.008   0.004 0.004 -0.001 0.007 0.010 0.009 0.002 0.002 -0.001 -0.002 0.001 0.011 0.005 0.005 0.003 
Igz2 0.041 0.025 -0.014 -0.001 0.006   0.001 0.002 0.007 0.003 0.000 0.001 0.001 0.002 0.001 0.000 0.006 0.007 -0.003 -0.003 
Igz3 0.058 0.017 0.019 0.009 0.034 -0.005   0.001 0.006 0.005 0.006 0.000 -0.005 0.007 0.002 0.003 0.016 0.006 0.003 0.001 
Itab 0.083 0.003 -0.040 -0.018 0.003 -0.013 -0.003   -0.002 0.003 0.006 -0.003 -0.006 -0.004 -0.006 -0.001 0.005 0.003 -0.006 -0.004 
KaiR 0.059 -0.011 -0.018 -0.008 0.005 0.005 0.026 -0.018   0.001 0.002 -0.004 -0.006 0.001 0.001 0.000 -0.001 0.005 0.003 0.003 
Limo 0.115 0.017 0.043 0.011 0.055 0.021 0.041 0.018 0.003   0.006 0.002 0.000 0.006 0.005 0.004 0.011 0.004 0.003 0.005 
Maha 0.025 0.032 0.004 0.016 0.050 0.000 0.029 0.027 0.005 0.030   0.000 -0.004 0.007 0.005 0.002 0.004 0.008 0.004 0.005 
Mba1 0.056 0.016 -0.021 -0.018 0.034 0.002 0.010 -0.009 -0.013 0.014 0.013   -0.008 0.000 -0.001 -0.002 0.000 0.005 -0.003 -0.003 
Mba2 0.041 -0.005 0.006 0.001 0.009 -0.016 -0.023 -0.030 -0.039 -0.005 -0.019 -0.032   0.001 -0.004 -0.002 0.002 0.005 -0.001 0.000 
Moro 0.076 0.006 0.002 -0.013 0.006 0.002 0.036 -0.019 0.005 0.029 0.036 0.008 0.013   0.000 0.003 0.009 0.004 0.001 -0.001 
Piky 0.062 0.005 0.012 -0.003 -0.001 0.005 0.007 -0.042 0.001 0.030 0.022 0.013 -0.024 0.007   -0.001 0.005 0.007 -0.003 0.001 
Salt 0.047 -0.001 0.001 -0.009 0.011 -0.006 0.017 -0.013 -0.006 0.029 0.007 -0.001 -0.013 0.013 -0.001   0.000 0.003 0.001 0.002 
Tapy 0.082 0.044 0.003 0.024 0.059 0.013 0.063 0.026 -0.014 0.039 0.017 0.014 -0.005 0.047 0.028 -0.005   0.003 0.002 0.006 
Tati 0.110 0.027 0.013 0.014 0.034 0.030 0.039 0.017 0.020 0.023 0.055 0.045 0.034 0.024 0.044 0.030 0.029   0.006 0.001 
Urug 0.077 0.029 -0.002 -0.004 0.025 -0.014 0.008 -0.027 0.008 0.022 0.023 0.001 0.000 0.007 -0.003 0.006 0.012 0.035   -0.002 





Table A.5. Pairwise genetic distances between sites: CSE (upper half) and PCA (lower half). CSE distances were calculated in 
Genetix, all are significant (p-value < 0.05). PCA distances calculated in R package ―adegenet‖ (Jombart 2008) for individuals. Axes 
explaining 80% of variation in the dataset were kept and used to calculate new PC coordinates for sites by averaging individual 
coordinates for each site. 
  Arak Cara Cerr Guyr Igz1 Igz2 Igz3 Itab KaiR Limo Maha Mba1 Mba2 Moro Piky Salt Tapy Tati Urug Yate 
Arak   0.021 0.021 0.019 0.027 0.021 0.020 0.026 0.025 0.025 0.019 0.020 0.022 0.023 0.018 0.020 0.022 0.024 0.019 0.024 
Cara 2.68   0.020 0.017 0.027 0.023 0.019 0.022 0.020 0.019 0.022 0.019 0.023 0.019 0.018 0.016 0.021 0.024 0.018 0.022 
Cerr 2.77 2.64   0.020 0.023 0.023 0.023 0.019 0.022 0.025 0.023 0.024 0.028 0.021 0.022 0.019 0.023 0.024 0.019 0.023 
Guyr 2.67 2.25 2.66   0.024 0.020 0.019 0.023 0.020 0.019 0.018 0.018 0.023 0.016 0.015 0.015 0.020 0.021 0.016 0.020 
Igz1 3.08 2.78 2.86 2.71   0.031 0.030 0.031 0.032 0.032 0.031 0.032 0.035 0.027 0.025 0.025 0.030 0.030 0.027 0.028 
Igz2 2.95 2.92 2.99 2.82 3.31   0.022 0.027 0.025 0.022 0.020 0.023 0.025 0.020 0.019 0.019 0.020 0.023 0.017 0.022 
Igz3 2.87 2.66 3.06 2.66 3.02 2.94   0.024 0.024 0.024 0.023 0.023 0.023 0.022 0.020 0.019 0.025 0.025 0.018 0.022 
Itab 2.93 2.70 2.51 2.60 2.97 3.08 2.95   0.027 0.027 0.027 0.028 0.027 0.023 0.020 0.022 0.026 0.028 0.021 0.022 
KaiR 2.68 2.37 2.65 2.40 3.04 2.96 2.78 2.86   0.025 0.025 0.026 0.026 0.023 0.022 0.022 0.023 0.027 0.022 0.026 
Limo 2.82 2.34 2.90 2.26 3.11 2.73 2.79 2.79 2.61   0.022 0.025 0.023 0.021 0.020 0.021 0.024 0.021 0.019 0.023 
Maha 2.65 2.76 2.77 2.43 3.11 2.74 2.85 2.91 2.69 2.57   0.020 0.020 0.022 0.016 0.017 0.020 0.020 0.018 0.022 
Mba1 2.92 2.66 2.98 2.49 3.21 3.00 2.89 2.99 2.76 2.74 2.54   0.023 0.024 0.020 0.018 0.023 0.028 0.019 0.023 
Mba2 2.91 2.98 3.32 2.99 3.40 3.20 3.02 3.10 2.97 2.76 2.86 3.04   0.026 0.020 0.024 0.024 0.027 0.024 0.025 
Moro 3.08 2.66 2.86 2.49 2.99 2.86 3.03 2.78 2.66 2.61 2.94 2.91 3.27   0.017 0.017 0.021 0.023 0.018 0.021 
Piky 2.48 2.36 2.68 2.17 2.74 2.65 2.61 2.52 2.45 2.37 2.39 2.54 2.72 2.39   0.016 0.019 0.021 0.013 0.018 
Salt 2.63 2.28 2.57 2.15 2.65 2.69 2.69 2.65 2.45 2.50 2.50 2.55 2.99 2.56 2.21   0.015 0.019 0.017 0.018 
Tapy 2.85 2.75 2.84 2.53 3.09 2.84 3.13 2.95 2.64 2.77 2.62 2.80 3.05 2.85 2.53 2.19   0.022 0.018 0.024 
Tati 3.21 2.94 3.02 2.86 3.17 3.14 3.20 3.20 3.02 2.67 2.89 3.31 3.40 3.12 2.88 2.78 2.96   0.021 0.023 
Urug 2.65 2.41 2.61 2.15 2.86 2.54 2.58 2.47 2.51 2.31 2.47 2.45 2.91 2.57 1.94 2.25 2.48 2.86   0.018 
Yate 2.97 2.80 2.89 2.53 2.88 2.86 2.79 2.82 2.86 2.68 2.74 2.77 2.95 2.74 2.39 2.59 2.83 3.00 2.43   
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Figure A.1. Correlations between 4 metrics of genetic structure measured for 20 sites at 14 loci. Significance for Mantel tests 
calculated with 5000 permutations in the R package ―ecodist‖ (Goslee & Urban 2007). Correlation between Cavalli-Sforza & Edwards 
(CSE) and PCA distances, and between FST and Jost’s D, are highly significant (p-value< 0.001). Other correlations are positive but 
not significant. 
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Figure A.2. Mantel correlation of PCA results obtained by correlating a modified dataset where 
missing data for locus AjA80 were replaced by random-draw alleles (where the probability of an 
allele being chosen corresponded to its global frequency), with PCA results from the unmodified 
dataset where missing data were replaced with the mean global frequency for the missing allele 
(default option). The green line is the 1:1 correspondence line and the red is the linear regression 
line. 
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Figure A.3. Comparison of the magnitude of genetic dissimilarity between sites in continuous 
(―all cont.‖: triangles) and fragmented (―best frag.‖: squares) landscapes using the PERMDISP 
approach. Genetic distances were decomposed into independent axes using a principal coordinate 
analysis. Then, distances from each site to the centroid of the group were calculated and 
compared between groups. Light grey circles represent the group centroids and the solid and 
broken lines represent the distances to the centroid for fragmented and continuous sites 
respectively. Figures depict results for (A) Jost’s D, and (B) CSE genetic distances. Only the first 
two principal coordinates axes are shown; but the full set of axes was used for analysis. Analyses 
show that there is no significant difference in level of genetic structure among sites in continuous 
versus fragmented landscapes. 
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Figure A.4. FST values from Easypop simulations that varied population sizes for 3 artificial sites 
(128919 ha each) based on population densities of 4 bats/ha (grey lines) and 20 bats/ha (black 
lines). Two dispersal distances (30 or 5km) and migration rates (0.1, 0.9) were simulated. Other 
parameters are described in the Methods section of Chapter 3, and Table A.3. Vertical lines 
indicate range of FST values over 100 replicate simulations for a given generation. The grey bar 
highlights time span under consideration. Population with 5 times as many individuals did not 
differentiate faster than their smaller counterparts, suggesting that what differentiation occurs in 
our main simulation set are not primarily driven by magnitude of genetic drift, barring 
population sizes considerably larger than those I was able to test. 
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APPENDIX B. SUPPLEMENTARY MATERIAL FOR CHAPTER 4 
Supplementary Methods 
Explanatory variables: fragmentation, environmental and spatial factors 
Environmental data [E]: Physical forest structure of sites was characterized by measuring 
understory density and canopy cover within the plots. Understory density (UD) was measured at 
two heights: 0-1m and 1-3m, to represent different stages of understory growth. As such, this 
measure may also reflect forest age or level of disturbance. UD was measured with the following 
steps:  
1. A 3 meter long pole with markings every 10cm was positioned vertically at the plot’s 
center (each plot =10 m x 10 m) 
2. The number of marks visible at a height of 0-1m and 1-3m on the pole were recorded for 
2m and 3m distance from the pole, in each of 4 cardinal directions, for 8 measures of 
visibility at each height (0-1m, 1-3m) 
3. The 8 measures were used to calculate average understory visibility at each height for 
each plot (10 plots per site) 
4. Understory density was then calculated as the average (from 10 plots) proportion of the 
pole that was covered (not visible) at each height (UD_1m, UD_3m). 
Percent canopy cover was measured with a hand-made densiometer (consisting of a 260 cm
2
 
gridded mirror) held perpendicular to the chest, at breast height. Readings were taken at each 
corner and in the center of every plot, for a total of 5 measures per plot. Because the densiometer 
was a flat mirror, the amount of canopy area reflected in each square on the mirror varied 
depending on where in the grid that square was. However, that bias was consistent for all plots in 
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Additional Tables 
Table B.1. Key to environmental and fragmentation variables. BIO variables were downloaded 
from WorldClim (http://www.worldclim.org/bioclim). Further information and formulas used to 
calculate fragmentation variables can be found with FRAGSTATs documentation 
(http://www.umass.edu/landeco/research/fragstats/fragstats.html). Tree diversity statistics were 
calculated using the R package "BiodiversityR" and tree compositional measures were calculated 
with R package "vegan" (MDS variables).  
 
Predictor Set Variable ID Description Unit 
Fragmentation PD Patch density: Number of patches in the landscape, divided by 
total landscape area (m2), multiplied by 10,000 and 100 (to 
convert to 100 hectares) 
Number per 
100 hectares 
 LPI Largest patch index: Quantifies the percentage of total 
landscape area comprised by the largest patch: a simple 
measure of dominance. 
Percent 
 ED Edge density equals the sum of the lengths (m) of all edge 
segments in the landscape, divided by the total landscape area 
(m2), multiplied by10,000 (to convert to hectares). 
Meters per 
hectare 
 LSI Landscape shape index provides a standardized measure of 
total edge or edge density that adjusts for the size of the 
landscape. LSI increases without limit as landscape shape 
becomes more irregular and/or as the length of edge within the 
landscape of the corresponding patch type increases. 
NA 
 AREA_AM AREA equals the area (m2) of the patch, divided by 10,000 (to 




Fractal dimension index reflects shape complexity across a 
range of spatial scales (patch sizes). FRAC equals 2 x 
logarithm of patch perimeter divided by the logarithm of patch 
area; (1<FRAC< 2) FRAC approaches 1 for shapes with very 
simple perimeters such as squares, and approaches 2 for shapes 




Uses a modification of the proximity index developed by 
Gustafson and Parker (1992) and considers the size and 
proximity of all patches that are within a specified search 
radius (64km) of the focal patch. When the search buffer 
extends beyond the landscape boundary, only patches 
contained within the landscape are considered in the 
computations. PROX increases as the neighborhood (defined 
by the specified search radius) is increasingly occupied by 
patches of the same type and as those patches become closer 
and more contiguous (or less fragmented) in distribution 
NA 
 CONNECT Number of functional joinings between "forest" patches, where 
each pair of patches is either connected or not based on a user-
specified distance criterion (5km). Connectance is reported as a 
percentage of the maximum possible connectance given the 
number of patches. 
Percent 
 CA Cumulative area: Sum of patch area (total forest cover) Hectares 
 NP_divby_CA Number of patches divided by cumulative area NA 
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Environment ALT_EX Elevation above sea level Meters 
 Tree_SumDbh Total diameter-at-breast-height values per site  NA 
 Avg_CC Average canopy cover  Percent 
 Avg_UD1m Average understory density measured from a height of 0-1m  Percent 
 Avg_UD3m Average understory density measured from a height of 1-3m  Percent 
 BIO1 Annual Mean Temperature Celsius 
 BIO4 Temperature Seasonality (standard deviation *100) NA 
 BIO5 Max Temperature of Warmest Month Celsius 
 BIO6 Min Temperature of Coldest Month Celsius 
 BIO12 Annual Precipitation Millimeters 
 BIO13 Precipitation of Wettest Month Millimeters 
 BIO14 Precipitation of Driest Month Millimeters 
 BIO15 Precipitation Seasonality (Coefficient of Variation) NA 
 richness Tree richness, based on tree species data from ten (100m2 
each) plots per site 
NA 
 Simpson Simpson diversity index, based on tree species data from each 
site 
NA 
 Shannon Shannon diversity index, based on tree species data from each 
site 
NA 
 MDS1 Non-metric multidimensional scaling axes calculated in R 





  MDS5 
* ―AM‖ (area-weighted mean) equals the sum, across all patches in the landscape, of the 
corresponding patch metric value multiplied by the proportional abundance of the patch [i.e., 
patch area (m
2
) divided by the sum of patch areas]. 
** ―RA‖ (range) equals the value of the corresponding patch metric for the largest observed 
value minus the smallest observed value (i.e., the difference between the maximum and 
minimum observed values) for all patches in the landscape.  
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Table B.2. Information on Landsat 7 (NASA Landsat Program) Enhanced Thematic Mapper 
Plus (ETM+) satellite images (SLC-off, T1 Level Product) published by USGS (glovis.usgs.gov) 
and used to determine forest cover in the study region. Forest was characterized with Band 7 
(wavelength = 2.08-2.35 micrometers, resolution = 30 meters), and analyzed in ArcMap v9.2. 
Indicated are path, row, image acquisition date, percent cloud cover, and grouping and spectral 
range, determined from geo-referenced ground data, that was used to distinguish forest from 
non-forest in ArcMap. All downloaded data were high quality (9). 
    
Band 7 
Path Row Collection date % CC Group 
Forest 
spectrum 
224 76 21-Feb-09 13 5 31-36 
226 74 7-Mar-09 0 4 22-28 
226 75 7-Mar-09 0 4 22-28 
225 75 16-Mar-09 0 3 22-28 
225 76 16-Mar-09 0 3 22-28 
225 77 16-Mar-09 0 3 22-28 
225 78 16-Mar-09 0 3 22-28 
225 79 16-Mar-09 0 3 22-28 
223 78 18-Mar-09 0 3 22-28 
223 79 18-Mar-09 0 3 22-28 
226 77 23-Mar-09 0 2 21-27 
224 77 25-Mar-09 3 2 21-27 
224 78 25-Mar-09 1 2 21-27 
224 79 25-Mar-09 1 2 21-27 
226 79 4-Mar-10 2 1 23-28 
226 76 10-Mar-10 0 1 23-28 
226 78 10-Mar-10 0 1 23-28 
224 75 12-Mar-10 0 1 23-28 
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Table B.3. Site information, abbreviations with number of bats genotyped (N) in parentheses, temperature (Tmin and Tmax) and 
precipitation data (obtained from WorldClim: www.worldclim.org), as well as genetic diversity (HS: expected heterozygosity per site) 
calculated in ―adegenet‖ (function ―Hs‖) from both the full dataset (all individuals per site included) and the rarified dataset correcting 
for sample size variation (sampled 19 individuals per site 5000 times to calculate a mean HS per site). Variation in minimum and 























E. Arakangy Arak (28) PY (Caaguazú) 255 16.3 27.59 127.23 31.98 9-Mar 0.771 0.763 









R. Guyra Reta 
(PN San Rafael) 
Guyr (34) PY (Itapúa) 169 15.09 27.62 137.17 31.64 9-Feb 0.775 0.766 
PN Iguazú Igz1(19) AR (Misiones) 235 14.23 27.56 144.08 25.94 9-Apr 0.771 0.771 
PN Iguazú Igz2 (27) AR (Misiones) 242 14.07 27.49 144.42 26.31 9-Apr 0.780 0.773 
PN Iguazú Igz3 (26) AR (Misiones) 208 14.37 27.65 144.34 33.07 9-Apr 0.757 0.751 
RB Itabo Itab (19) PY (Alto Paraná) 270 14.94 27.02 136.87 29.15 8-Jan 0.763 0.762 
RN Ka  Rag e KaiR (19) PY (Amambay) 193 17.22 28.8 120.23 41.85 8-Feb 0.779 0.780 
RB Limoy Limo (32) PY (Alto Paraná) 250 14.52 27.26 135.68 29.11 8-Jan 0.772 0.761 
RN Maharishi Maha (29) PY (Alto Paraná) 206 15.06 27.68 142.17 23.51 9-Mar 0.781 0.772 
RN del Bosque 
Mbaracayú 





Mba2 (26) PY (Canindeyú) 426 15.51 27.16 136.33 36.68 9-Feb 0.788 0.787 
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RN Privada Morombí (E. 
Golondrina) 




RB Pikyry Piky (34) PY (Alto Paraná) 233 14.89 27.15 140.11 30.28 9-Jan 0.769 0.759 
RB Mbaracayú (Salto) Salt (41) PY (Canindeyú) 259 16.04 27.59 133.95 38.14 9-Jan 0.790 0.777 
RN Privada Tapyta Tapy (30) PY (Caazapá) 202 15 27.27 133.36 33.58 9-Feb 0.797 0.787 
RB Tati Yupi Tati (25) PY (Alto Paraná) 223 15.32 27.44 141.41 28.3 9-Jan 0.771 0.766 
PP Urugua-í Urug (31) AR (Misiones) 303 13.18 26.72 146 30.54 9-May 0.785 0.777 
RN Privada Yate-í Yate (28) AR (Misiones) 383 12.57 26.01 149.25 31.75 9-May 0.783 0.776 
PP: Parque Provincial (State Park), PN: Parque Nacional (National Park), RB: Refugio Biologico (Biological Refuge), R: Reserva 
(Reserve), E: Estancia (Ranch), RN: Reserva Natural (Nature Reserve), PY: Paraguay, AR: Argentina 
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Table B.4. Loadings for environmental variables on each PC axis (―ePC‖), and variance that each PC axis represented. See Table B.1 
for description of variables. PC axes chosen in minimum adequate models (MAMs) defined for environmental effects predictor set can 
be found in Table 4.1.  
Variable ePC1 ePC2 ePC3 ePC4 ePC5 ePC6 ePC7 ePC8 ePC9 ePC10 ePC11 ePC12 ePC13 ePC14 ePC15 
ALT_EX -0.1548 0.5634 -0.0452 0.2011 -0.0948 0.1101 -0.1978 -0.1467 0.1435 -0.5536 -0.0154 0.3976 -0.1836 0.1223 0.0153 
Avg_CC -0.0845 -0.0548 -0.4588 0.2611 0.0977 -0.7141 -0.3524 -0.0153 0.1806 -0.0206 0.0014 -0.1602 0.0668 -0.0145 0.0626 
Avg_UD1m 0.0297 0.1176 0.5019 0.0810 0.5207 -0.3164 0.2876 0.4004 0.1947 -0.2312 -0.0290 0.0234 0.0859 -0.0559 0.0962 
Avg_UD3m 0.0533 0.3524 -0.2458 -0.1068 0.7433 0.2690 -0.1713 -0.2159 -0.1313 0.2077 -0.0879 -0.1590 0.0081 -0.0530 -0.0637 
BIO1 0.3729 -0.1320 -0.0105 0.0826 0.0684 -0.0583 -0.1811 0.0760 -0.0940 0.1707 -0.0277 0.5374 -0.3500 -0.5661 0.1394 
BIO4 -0.2854 -0.3390 -0.0090 -0.2515 0.0928 0.1723 -0.0457 -0.1565 0.6152 -0.1735 -0.3483 -0.1037 -0.2259 -0.2760 -0.0871 
BIO5 0.1979 -0.4777 -0.0126 -0.2987 0.2559 -0.0485 -0.1495 -0.2099 -0.2634 -0.4607 0.0509 0.1493 -0.0183 0.3717 0.2530 
BIO6 0.3720 -0.0690 0.0488 0.1868 -0.0149 0.0053 -0.1018 0.0225 0.1308 0.1299 -0.6307 0.2407 0.2574 0.3494 -0.3611 
BIO12 -0.3673 -0.0146 -0.0480 -0.0110 -0.0399 -0.1192 0.1112 0.0201 -0.5996 -0.2599 -0.4896 -0.0108 0.1631 -0.3579 -0.1109 
BIO13 -0.2359 0.0803 -0.2241 -0.4809 -0.0153 0.0390 -0.2549 0.6980 -0.0063 0.1180 -0.0549 0.2070 -0.0523 0.1996 0.0089 
BIO14 -0.3601 -0.1245 -0.1321 0.0919 0.1160 0.1032 0.1812 -0.1625 0.1591 0.2218 0.0751 0.5015 0.5475 -0.0112 0.3378 
BIO15 0.3449 0.1346 0.0547 -0.1929 -0.1723 0.1582 -0.3567 0.0952 0.1283 -0.2557 0.0332 -0.2070 0.5867 -0.3577 0.1837 
Richness -0.2389 -0.0598 0.4022 0.3167 -0.0202 0.1565 -0.4654 0.0413 -0.1017 0.2059 -0.2447 -0.1955 -0.1305 0.1396 0.4968 
Shannon -0.2650 -0.1227 0.4124 -0.0565 0.0885 -0.0996 -0.4496 -0.1364 -0.0717 0.0706 0.3468 0.1702 0.1497 -0.0687 -0.5626 
Tree_SumDbh -0.0250 -0.3425 -0.2598 0.5466 0.1599 0.4292 -0.0308 0.3913 -0.0327 -0.2543 0.1980 -0.0785 0.0389 -0.0418 -0.1940 
Percent 
Variance 43.64% 14.97% 14.50% 8.59% 5.68% 4.20% 3.40% 2.42% 1.44% 0.45% 0.31% 0.20% 0.13% 0.04% 0.03% 
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Table B.5. Loadings for fragmentation variables on each PC axis (―fPC‖) and variance that each PC axis represented at five scales. 
See Table B.1 for description of variables. PC axes chosen in minimum adequate models (MAMs) defined for fragmentation effects 
predictor set can be found in Table 4.1.  
Scale Variable fPC1 fPC2 fPC3 fPC4 fPC5 fPC6 fPC7 fPC8 fPC9 fPC10 fPC11 fPC12 fPC13 
4-km ED 0.204 -0.391 0.198 -0.107 0.313 -0.301 0.029 -0.109 0.099 -0.081 0.208 -0.016 0.703 
 
CA -0.384 -0.128 0.136 -0.230 0.229 -0.126 0.026 -0.255 0.090 -0.521 -0.577 0.042 -0.131 
 
LSI 0.198 -0.403 0.165 -0.092 0.298 -0.287 0.004 -0.034 -0.065 0.058 0.312 -0.139 -0.683 
 
FRAC_AM 0.091 -0.399 -0.192 0.493 -0.133 -0.113 -0.153 -0.021 -0.641 -0.091 -0.264 0.083 0.055 
 
FRAC_RA 0.270 -0.264 -0.050 0.540 0.062 0.234 0.148 0.144 0.632 -0.141 -0.183 0.036 -0.091 
 
LPI -0.347 -0.261 -0.069 -0.121 -0.027 0.031 -0.156 0.500 0.055 -0.148 0.268 0.647 -0.024 
 
NP_divby_CA 0.366 -0.012 0.250 -0.172 -0.054 0.613 -0.239 -0.106 -0.194 -0.501 0.194 0.000 -0.016 
 
PD 0.344 -0.164 0.275 -0.368 -0.022 0.104 -0.129 0.317 -0.026 0.440 -0.552 0.128 0.005 
 
PROX_MN -0.297 -0.272 0.246 0.115 -0.252 0.160 -0.430 -0.543 0.218 0.361 0.074 0.109 -0.012 
 
PROX_AM -0.058 -0.282 -0.619 -0.261 0.343 0.446 0.205 -0.227 -0.063 0.225 -0.009 0.020 0.027 
 
CONNECT -0.197 0.275 0.236 0.338 0.728 0.200 -0.274 0.137 -0.147 0.169 -0.019 0.004 0.035 
 
AREA_AM -0.331 -0.287 -0.054 -0.073 -0.114 0.131 -0.248 0.414 0.053 -0.052 0.015 -0.724 0.087 
 
site.data.AREA -0.280 -0.179 0.480 0.107 -0.105 0.272 0.701 0.047 -0.226 0.113 0.062 -0.015 0.031 
 
Percent Variance 42.34% 31.67% 8.92% 6.83% 3.93% 2.78% 1.92% 0.87% 0.37% 0.28% 0.07% 0.02% 0.01% 
8-km ED 0.155 -0.456 0.066 -0.009 0.032 -0.034 -0.374 0.043 -0.221 0.131 0.341 -0.059 0.658 
 
CA -0.369 -0.196 -0.017 -0.098 0.004 -0.016 -0.109 -0.344 -0.188 0.589 -0.525 -0.164 -0.011 
 
LSI 0.156 -0.458 0.063 -0.014 0.011 -0.006 -0.348 0.047 -0.184 0.057 0.214 0.113 -0.736 
 
FRAC_AM -0.051 -0.456 -0.029 0.270 -0.044 0.482 0.154 0.213 0.620 0.139 -0.088 -0.029 0.027 
 
FRAC_RA 0.167 -0.379 0.166 0.491 -0.099 -0.216 0.443 -0.208 -0.318 -0.308 -0.258 0.005 0.036 
 
LPI -0.385 -0.106 0.041 -0.160 -0.165 0.254 0.032 -0.307 -0.062 -0.182 0.105 0.754 0.099 
 
NP_divby_CA 0.293 0.127 0.499 -0.102 -0.459 -0.035 0.280 -0.208 0.123 0.454 0.286 0.018 -0.034 
 
PD 0.341 -0.093 0.239 -0.467 -0.304 0.142 -0.251 0.069 0.078 -0.349 -0.534 -0.039 0.070 
 
PROX_MN -0.353 -0.066 0.349 -0.159 -0.025 -0.023 0.259 0.737 -0.317 0.091 -0.046 0.051 0.004 
 
PROX_AM 0.046 -0.291 -0.626 -0.407 -0.332 -0.326 0.346 0.086 0.054 0.045 0.086 -0.010 -0.002 
 
CONNECT -0.295 0.121 -0.053 0.414 -0.652 -0.293 -0.413 0.155 0.120 -0.058 -0.032 -0.007 0.003 
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AREA_AM -0.382 -0.082 0.085 -0.156 -0.199 0.313 0.082 -0.238 -0.121 -0.339 0.311 -0.618 -0.080 
 
site.data.AREA -0.274 -0.214 0.363 -0.189 0.286 -0.586 -0.024 -0.127 0.488 -0.168 0.049 -0.027 -0.003 
 
Percent Variance 46.01% 29.34% 8.25% 4.43% 3.93% 3.37% 2.85% 0.85% 0.66% 0.26% 0.04% 0.01% 0.00% 
16-km ED 0.144 0.469 0.203 -0.011 0.184 -0.146 0.144 0.121 -0.080 0.239 0.242 -0.215 0.678 
 
CA 0.361 -0.089 0.218 0.077 0.152 -0.197 -0.100 -0.354 -0.426 -0.543 0.356 -0.036 -0.077 
 
LSI 0.145 0.469 0.195 0.000 0.179 -0.124 0.166 0.144 -0.060 0.311 0.184 0.260 -0.650 
 
FRAC_AM 0.290 0.271 -0.268 -0.311 0.177 0.073 0.064 0.019 -0.399 -0.131 -0.674 -0.040 0.003 
 
FRAC_RA 0.068 0.426 -0.383 -0.371 -0.337 -0.117 -0.018 -0.412 0.394 -0.179 0.210 0.001 -0.021 
 
LPI 0.374 -0.020 0.092 0.113 0.006 0.308 -0.341 -0.327 0.075 0.287 -0.078 0.611 0.233 
 
NP_divby_CA -0.284 0.174 0.205 0.062 -0.704 0.021 0.017 -0.159 -0.542 0.151 -0.059 0.039 0.017 
 
PD -0.148 0.394 0.504 0.298 0.000 0.099 -0.141 -0.040 0.358 -0.420 -0.373 -0.062 -0.025 
 
PROX_MN 0.352 -0.029 0.095 -0.153 -0.363 0.367 0.267 0.551 0.060 -0.343 0.176 0.210 0.070 
 
PROX_AM 0.186 0.143 -0.495 0.791 -0.110 -0.059 0.232 0.019 -0.017 -0.054 -0.022 0.009 0.014 
 
CONNECT 0.279 -0.293 0.292 -0.044 -0.164 -0.396 0.587 -0.257 0.227 0.125 -0.292 0.038 0.034 
 
AREA_AM 0.369 -0.038 0.101 0.052 -0.108 0.484 -0.036 -0.188 0.069 0.271 0.039 -0.663 -0.218 
 
site.data.AREA 0.352 -0.047 0.016 0.023 -0.296 -0.521 -0.575 0.360 0.080 0.102 -0.122 -0.141 -0.049 
  Percent Variance 51.71% 27.81% 6.17% 5.92% 4.58% 1.81% 0.78% 0.47% 0.37% 0.22% 0.15% 0.01% 0.00% 
32-km ED 0.226 -0.492 0.042 0.043 -0.063 0.005 -0.316 0.158 -0.096 -0.269 0.011 -0.020 0.702 
 
CA 0.331 -0.030 0.220 -0.078 0.112 -0.089 -0.031 0.162 0.476 0.262 0.598 0.367 -0.009 
 
LSI 0.228 -0.490 0.038 0.062 -0.062 0.037 -0.289 0.108 -0.122 -0.281 -0.038 0.105 -0.704 
 
FRAC_AM 0.315 -0.053 -0.199 -0.238 -0.210 0.457 0.133 -0.353 -0.492 0.235 0.324 0.067 0.025 
 
FRAC_RA 0.198 -0.133 -0.831 -0.081 0.039 0.015 -0.036 -0.008 0.437 0.118 -0.183 -0.068 -0.007 
 
LPI 0.330 0.072 0.148 0.015 -0.009 0.194 0.371 -0.092 0.292 -0.481 0.174 -0.576 -0.044 
 
NP_divby_CA -0.283 -0.115 -0.339 0.513 -0.231 -0.209 0.345 0.052 -0.116 -0.248 0.450 0.180 0.012 
 
PD -0.057 -0.628 0.220 0.107 0.065 -0.139 0.459 -0.222 0.086 0.441 -0.186 -0.150 0.002 
 
PROX_MN 0.290 0.179 0.068 0.443 -0.527 0.057 -0.095 0.384 -0.021 0.404 -0.121 -0.260 -0.030 
 
PROX_AM 0.273 0.107 -0.076 0.529 0.739 0.110 -0.035 0.001 -0.242 0.094 0.000 -0.035 0.011 
 
CONNECT 0.309 0.154 0.032 0.152 -0.162 -0.578 -0.247 -0.658 -0.001 -0.040 -0.020 -0.012 0.008 
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Table B.5. cont’d 
 
AREA_AM 0.328 0.117 0.091 0.105 -0.123 0.139 0.399 -0.013 0.080 -0.225 -0.470 0.617 0.084 
 
site.data.AREA 0.307 0.054 -0.113 -0.375 0.105 -0.559 0.314 0.415 -0.381 -0.007 -0.008 -0.097 -0.027 
 
Percent Variance 65.86% 17.19% 6.87% 3.95% 2.55% 1.77% 1.13% 0.35% 0.19% 0.08% 0.05% 0.02% 0.00% 
64-km ED 0.266 0.407 0.006 -0.150 0.117 -0.121 0.053 -0.214 0.327 0.101 -0.278 0.256 0.636 
 
CA 0.309 0.021 0.216 -0.239 -0.066 0.040 0.281 -0.270 -0.227 -0.754 0.148 -0.011 0.010 
 
LSI 0.266 0.408 0.027 -0.131 0.104 -0.098 0.047 -0.173 0.263 0.107 -0.244 -0.476 -0.571 
 
FRAC_AM 0.310 -0.075 -0.168 0.159 0.228 0.029 -0.003 0.608 0.492 -0.353 0.051 0.194 -0.126 
 
FRAC_RA 0.255 -0.043 -0.809 -0.092 0.174 0.245 0.266 -0.104 -0.283 0.126 0.028 -0.014 0.008 
 
LPI 0.310 -0.044 0.155 0.258 -0.106 0.286 -0.074 0.315 -0.229 0.004 -0.255 -0.589 0.386 
 
NP_divby_CA -0.265 0.262 -0.309 0.559 0.182 -0.297 -0.281 -0.220 -0.084 -0.407 -0.055 -0.149 0.081 
 
PD -0.023 0.745 0.068 -0.006 -0.060 0.249 -0.100 0.315 -0.304 0.060 0.365 0.178 -0.063 
 
PROX_MN 0.303 -0.047 0.107 0.459 -0.059 -0.081 0.239 -0.256 0.220 0.253 0.648 -0.117 0.077 
 
PROX_AM 0.291 -0.071 -0.221 -0.138 -0.503 0.137 -0.696 -0.199 0.160 -0.064 0.124 0.040 -0.031 
 
CONNECT 0.284 -0.158 0.204 -0.156 0.696 -0.129 -0.453 -0.056 -0.272 0.119 0.173 0.017 0.001 
 
AREA_AM 0.301 -0.032 0.187 0.485 -0.049 0.210 0.016 -0.189 -0.213 0.083 -0.411 0.499 -0.293 
 
site.data.AREA 0.297 0.002 -0.092 -0.032 -0.313 -0.771 0.065 0.283 -0.326 0.101 -0.050 0.072 -0.031 
  Percent Variance 75.48% 13.50% 3.82% 2.66% 1.61% 1.32% 1.18% 0.26% 0.09% 0.06% 0.03% 0.00% 0.00% 
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Table B.6. Climate variables measured for each site. Data acquired from WorldClim. See Table B.1 for description of variables. 
Pop ALT_EX BIO1 BIO4 BIO5 BIO6 BIO12 BIO13 BIO14 BIO15 
Arak 254.74 21.9 338.5 31.6 10.9 1526.7 189.7 86.4 25.2 
Cara 256.43 21.3 324.4 31.5 10.1 1619.9 182.7 81.7 22.7 
Cerr 188.72 23.7 319.2 33.3 13.3 1373.7 182.7 43.2 41.2 
Guyr 169.00 21.4 389.2 32.8 10.0 1646.0 191.0 96.0 23.1 
Igz1 235.00 20.9 363.2 32.2 8.4 1729.0 198.0 100.0 18.0 
Igz2 242.00 20.8 367.4 32.2 8.2 1733.0 198.0 99.0 18.2 
Igz3 208.00 21.0 367.2 32.3 8.4 1732.1 211.7 82.5 23.5 
Itab 269.76 21.0 360.0 31.3 9.7 1642.4 181.6 85.3 21.3 
KaiR 192.79 23.0 296.1 32.4 12.4 1442.8 176.0 47.5 34.8 
Limo 250.19 20.9 355.3 31.4 9.3 1628.2 193.2 88.7 21.5 
Maha 206.00 21.4 355.6 32.4 9.8 1706.0 177.0 98.0 16.5 
Mba1 185.67 22.5 324.7 32.1 11.4 1619.3 187.3 77.7 27.1 
Mba2 426.00 21.3 308.0 30.8 10.3 1636.0 188.0 76.0 26.9 
Moro 282.86 21.8 340.8 31.5 10.5 1568.1 194.4 84.7 25.5 
Piky 232.82 21.0 361.3 31.6 9.8 1681.4 196.7 88.0 21.6 
Salt 258.53 21.8 297.9 31.6 11.3 1607.4 188.4 65.9 28.5 
Tapy 201.73 21.1 381.5 32.3 10.0 1600.3 190.9 88.1 25.2 
Tati 222.71 21.4 360.6 32.0 10.3 1697.0 184.7 89.1 20.0 
Urug 303.00 19.9 368.8 31.3 7.5 1752.0 199.0 95.0 20.9 
Yate 383.00 19.3 363.6 30.5 7.1 1791.0 202.0 105.0 21.3 
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Table B.7. Environmental measures of forest structure and tree species richness and composition. Data acquired from ten (100 m
2
 
each) plots per site. See Table B.1 for description of variables. 
Pop 
Tree_ 
SumDbh Avg_CC Avg_UD1m Avg_UD3m richness Simpson Shannon MDS1 MDS2 MDS3 MDS4 MDS5 
Arak 1500.8 97.68% 17.64% 35.79% 22 0.8268 2.4626 -0.3142 -0.1675 -0.2459 -0.4211 -0.1684 
Cara 1183.5 79.82% 47.63% 29.13% 27 0.9183 2.9555 -0.0471 0.4808 0.1125 -0.1619 0.1410 
Cerr 885.8 86.69% 24.13% 34.42% 21 0.9308 2.8610 0.1314 0.1103 0.3465 -0.5820 -0.0137 
Guyr 1459.5 97.88% 18.25% 17.79% 27 0.9387 3.0169 -0.2985 -0.0775 -0.1089 -0.1946 0.1655 
Igz1 1209.8 98.50% 22.29% 29.41% 26 0.9419 3.0604 0.6027 -0.3302 -0.2796 -0.0044 0.1242 
Igz2 1327.6 98.08% 22.81% 35.22% 31 0.9505 3.2169 0.4802 -0.1695 0.0964 0.4000 0.1765 
Igz3 1091.3 88.54% 22.63% 27.98% 25 0.9422 3.0482 0.4719 0.2219 0.3177 -0.0579 0.1049 
Itab 1308.5 87.32% 37.30% 21.06% 43 0.9563 3.4816 0.0794 0.4132 -0.1391 0.2894 -0.5150 
KaiR 844.45 72.69% 30.97% 21.06% 21 0.8988 2.6173 -0.2001 0.3684 0.0836 0.1468 0.6294 
Limo 1006.5 96.98% 23.88% 20.48% 24 0.9383 2.9521 -0.5101 0.0671 -0.2083 0.1004 -0.0950 
Maha 1232.5 99.06% 17.00% 30.00% 26 0.9279 2.9606 0.0538 -0.3487 -0.4616 -0.3332 0.1044 
Mba1 1534 94.01% 6.25% 18.38% 25 0.8751 2.5694 -0.5549 -0.4168 0.1444 0.0013 -0.1271 
Mba2 1131.5 98.62% 21.50% 37.79% 24 0.8583 2.5335 -0.2214 -0.4141 -0.0033 0.4293 -0.2755 
Moro 1330.9 99.22% 13.25% 28.94% 25 0.8980 2.7080 -0.1228 -0.3201 -0.2785 0.0051 0.3271 
Piky 877.2 94.03% 36.13% 26.83% 28 0.9378 3.0512 -0.1927 0.4631 -0.4851 -0.0397 -0.2236 
Salt 1207.17 98.58% 20.00% 28.17% 22 0.8500 2.4696 -0.0952 0.4686 0.4147 -0.1355 -0.1431 
Tapy 1279.4 73.50% 13.50% 28.85% 22 0.8799 2.6231 -0.3227 -0.4111 0.6053 0.1978 0.0768 
Tati 1338.7 88.93% 24.75% 11.83% 39 0.9556 3.4049 -0.1957 0.2825 0.0447 0.3896 0.0730 
Urug 882.6 99.25% 8.88% 19.81% 24 0.9392 2.9878 0.7090 0.1021 -0.3722 0.1475 -0.0181 
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Table B.8. Fragmentation variables calculated in Fragstat v3.3 and measured for each site and at 5 scales. See Table B.1 for 
description of variables. 










_AM CONNECT CA 
NP_divby 
_CA 
4-km Guyr 1.358 30.46 38.36 6.52 1026.35 1.141 0.162 886.62 160.21 71.43 2898.18 2.174 
 
Tapy 1.474 50.29 45.03 7.97 2067.00 1.193 0.204 983.15 337.04 81.67 3136.59 2.359 
 
Urug 0.177 48.74 29.29 4.92 2166.60 1.140 0.181 3368.62 56.04 100.00 4337.37 0.184 
 
Yate 1.155 74.68 36.29 6.42 3576.65 1.185 0.189 2877.49 229.83 67.27 3937.23 1.473 
 
Igu2 1.035 79.20 42.88 7.59 3909.85 1.223 0.226 6003.25 188.22 80.09 4049.64 1.284 
 
Igu1 0.423 47.33 25.63 4.30 2079.06 1.114 0.138 3235.88 90.00 90.06 4246.20 0.447 
 
Igu3 0.186 36.30 28.10 4.88 1342.24 1.112 0.160 1207.67 127.94 100.00 3878.91 0.232 
 
Maha 1.358 9.75 30.45 5.17 304.91 1.172 0.245 82.34 127.44 74.76 695.16 9.063 
 
Tati 0.378 21.95 24.02 4.25 863.15 1.167 0.183 386.22 11.13 97.08 1533.60 1.239 
 
Piky 0.657 16.46 29.56 5.23 596.83 1.171 0.227 515.76 72.63 90.15 1176.84 2.804 
 
Itab 0.259 59.30 21.65 3.83 2617.72 1.115 0.155 1115.53 431.81 88.46 3405.87 0.382 
 
Limo 0.418 37.57 27.38 4.61 1128.37 1.100 0.131 167.43 104.21 91.23 3266.28 0.582 
 
Moro 0.737 5.93 21.77 3.85 169.94 1.151 0.209 140.46 189.83 82.88 628.29 5.889 
 
Arak 2.209 12.07 30.59 5.42 332.87 1.098 0.139 67.59 24.86 75.32 1207.08 9.196 
 
Cara 1.075 40.76 47.38 8.39 1859.59 1.249 0.266 1839.38 343.53 65.41 2257.56 2.392 
 
Salt 2.873 3.12 48.35 8.24 55.50 1.158 0.253 75.53 106.55 81.82 791.10 16.938 
 
Mba1 0.106 47.93 22.07 3.78 2232.32 1.113 0.096 2947.26 143.90 90.00 4482.36 0.112 
 
Mba2 0.488 26.26 22.79 3.91 1005.78 1.134 0.177 343.53 41.42 77.87 1584.00 1.452 
 
KaiR 2.015 5.70 45.87 7.74 142.88 1.159 0.230 120.55 152.56 71.48 1240.02 7.419 
 
Cerr 1.394 20.95 34.10 5.81 703.66 1.126 0.206 160.23 43.48 91.35 2049.12 3.172 
8-km Guyr 0.950 68.91 34.32 12.15 13447.95 1.257 0.263 13761.75 945.86 32.64 14269.05 1.339 
 
Tapy 1.583 23.35 45.39 15.62 3304.27 1.213 0.244 2166.51 2223.05 34.00 11149.29 2.691 
 
Urug 0.050 98.01 12.88 4.56 19697.58 1.159 0.159 36638.22 17.24 82.22 19705.86 0.051 
 
Yate 1.533 64.93 37.15 13.16 11666.55 1.220 0.231 7984.44 2411.19 43.10 14602.14 2.109 
 
Igu2 0.788 43.10 47.45 16.36 7045.44 1.241 0.337 10485.35 998.87 44.96 14458.86 1.037 
 
Igu1 0.313 88.11 21.36 7.57 17621.29 1.206 0.207 28910.75 208.56 34.51 17805.78 0.354 
 
Igu3 0.246 42.29 25.17 8.61 6057.33 1.176 0.218 10001.53 431.44 43.86 15648.03 0.294 
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Maha 1.851 3.24 25.36 8.98 231.59 1.170 0.245 68.13 154.38 30.64 2028.69 18.337 
 
Tati 1.159 3.46 24.61 8.63 352.93 1.159 0.224 136.27 88.98 39.39 3432.60 6.642 
 
Piky 0.771 6.24 20.67 7.32 639.88 1.177 0.230 239.21 134.46 45.63 2875.59 5.390 
 
Itab 0.448 36.75 20.49 7.25 5713.16 1.159 0.234 1032.56 3485.10 44.72 10096.38 0.891 
 
Limo 0.383 46.87 19.28 6.83 8255.22 1.189 0.195 3849.34 500.99 68.73 10962.90 0.702 
 
Moro 0.890 6.09 19.91 6.98 746.28 1.134 0.207 328.21 169.36 29.72 4699.71 3.724 
 
Arak 1.786 12.11 23.85 8.23 1321.38 1.109 0.150 134.14 43.85 34.35 4249.53 8.024 
 
Cara 1.255 13.03 32.91 11.55 1719.47 1.218 0.251 657.30 863.05 30.30 5666.13 4.377 
 
Salt 2.025 1.68 30.39 10.76 97.72 1.164 0.292 87.22 125.20 34.73 2434.14 16.720 
 
Mba1 0.333 79.39 18.46 6.54 15581.90 1.178 0.180 7096.18 142.56 64.86 16341.48 0.410 
 
Mba2 0.826 30.63 17.26 6.11 5231.35 1.154 0.163 534.10 189.85 32.94 7284.78 2.279 
 
KaiR 1.453 22.02 35.80 12.68 3089.10 1.226 0.260 1835.58 3693.79 31.18 8318.16 3.510 
  Cerr 1.333 27.54 35.13 12.44 3689.46 1.211 0.235 1866.23 670.89 35.59 8641.26 3.101 
16-km Guyr 1.366 34.56 38.83 27.01 22083.67 1.277 0.308 17312.47 3342.15 12.11 50979.69 2.077 
 
Tapy 2.072 33.20 44.26 31.37 17650.10 1.252 0.306 7896.18 6812.57 10.95 40540.32 4.109 
 
Urug 0.205 47.42 15.17 10.49 35732.90 1.190 0.218 42970.46 534.50 25.77 72301.41 0.217 
 
Yate 1.246 56.61 36.04 25.54 36236.89 1.260 0.300 27509.03 42560.88 15.48 59318.46 1.689 
 
Igu2 1.073 71.28 38.09 27.00 54742.62 1.307 0.319 58260.01 6199.49 18.58 60030.81 1.438 
 
Igu1 1.109 37.11 35.35 24.42 20236.97 1.259 0.304 17619.83 2842.87 14.77 51950.07 1.630 
 
Igu3 0.742 44.51 24.12 16.93 24117.20 1.216 0.250 16279.31 3083.71 20.36 60076.35 0.974 
 
Maha 2.069 9.58 27.59 19.17 3525.67 1.176 0.307 404.67 679.09 9.73 15961.68 10.024 
 
Tati 1.556 1.81 27.83 19.73 436.22 1.177 0.276 157.70 436.61 12.56 14367.87 8.707 
 
Piky 0.627 1.58 20.08 14.23 481.52 1.190 0.280 275.87 240.53 13.77 12298.14 4.098 
 
Itab 0.989 12.57 17.31 12.27 6629.77 1.188 0.265 588.15 5829.37 10.82 17309.07 4.593 
 
Limo 0.800 10.95 20.79 14.38 4620.86 1.180 0.270 743.83 1179.31 12.30 22829.85 2.685 
 
Moro 1.033 18.73 19.28 13.67 8950.99 1.189 0.230 2645.22 2898.39 11.19 27083.25 3.068 
 
Arak 1.980 4.93 25.57 18.13 1433.26 1.128 0.227 181.56 453.21 10.56 17769.69 8.959 
 
Cara 1.036 8.64 26.26 18.61 3648.98 1.233 0.301 1422.26 2259.95 10.02 18893.70 4.409 
 
Salt 1.491 0.91 23.35 16.27 156.79 1.164 0.296 69.50 306.76 10.03 7852.23 14.747 
 
Mba1 1.159 31.88 22.29 15.54 20173.33 1.171 0.204 3243.50 679.67 18.28 50880.15 1.773 
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Mba2 1.136 28.04 19.21 13.40 16726.93 1.157 0.225 1386.47 3058.54 12.56 28536.75 3.098 
 
KaiR 1.417 8.62 31.38 21.73 3035.96 1.227 0.278 1654.81 4126.49 9.33 23515.47 4.627 
 
Cerr 2.330 8.86 38.18 26.59 2704.26 1.200 0.278 762.31 1211.40 12.57 24361.83 7.426 
32-km Guyr 1.935 27.51 35.67 50.57 59458.03 1.276 0.344 22545.79 15765.10 2.98 132027.30 4.716 
 
Tapy 2.150 18.90 40.14 56.09 27848.67 1.244 0.318 7982.23 8724.24 3.09 140393.61 4.786 
 
Urug 0.899 68.61 33.34 47.27 196767.71 1.324 0.333 184349.68 95548.45 5.59 248927.85 1.162 
 
Yate 1.439 45.95 32.90 46.63 112176.32 1.280 0.360 39660.16 122300.39 4.31 201474.99 2.298 
 
Igu2 1.391 25.36 32.86 45.97 64551.84 1.277 0.355 31998.34 11697.68 4.18 171405.99 2.541 
 
Igu1 1.464 40.53 28.99 41.10 109672.07 1.290 0.327 41743.77 12408.41 3.87 155085.93 3.037 
 
Igu3 1.343 32.83 29.13 40.57 66111.53 1.259 0.327 29764.97 17136.71 4.21 168603.75 2.474 
 
Maha 1.621 16.75 25.83 36.62 32816.77 1.241 0.307 6678.42 5065.05 3.13 88814.61 5.870 
 
Tati 1.533 2.11 24.63 34.74 1328.94 1.176 0.307 282.96 1198.39 3.21 55358.73 8.810 
 
Piky 1.279 3.14 24.02 34.05 2334.86 1.197 0.306 345.04 2624.43 3.48 61621.65 6.676 
 
Itab 1.007 3.14 18.05 25.58 2710.91 1.183 0.304 285.68 2800.65 2.94 48189.87 6.723 
 
Limo 1.117 6.00 24.06 34.12 6889.45 1.234 0.316 1474.30 6352.46 3.15 70317.63 5.110 
 
Moro 1.497 7.03 22.66 31.95 6729.11 1.165 0.245 1426.38 2850.80 2.85 87148.80 5.465 
 
Arak 1.835 3.50 26.99 37.79 3598.34 1.168 0.273 801.10 1779.71 3.17 93193.47 6.175 
 
Cara 1.301 3.98 23.99 33.88 3961.21 1.209 0.313 818.81 2823.51 2.95 62459.55 6.648 
 
Salt 1.298 1.36 20.51 29.07 1147.11 1.193 0.338 503.08 1539.31 2.77 42245.37 9.885 
 
Mba1 1.561 22.25 27.23 38.61 39137.75 1.214 0.284 6507.48 14502.74 3.33 135057.33 3.717 
 
Mba2 1.407 20.53 22.04 31.25 40975.42 1.200 0.249 4748.74 1486.21 3.22 106950.69 4.233 
 
KaiR 1.467 3.29 24.53 34.77 2726.62 1.212 0.304 1090.66 5669.30 2.71 62978.40 7.491 
  Cerr 2.340 4.47 34.08 48.31 3248.39 1.204 0.313 905.00 2187.25 3.29 79832.43 9.430 
64-km Guyr 2.268 5.29 30.84 86.66 17759.32 1.207 0.333 3438.78 9476.89 0.75 305193.69 9.392 
 
Tapy 2.340 7.66 31.70 89.88 31907.02 1.217 0.351 6802.07 14167.12 0.75 327445.92 9.196 
 
Urug 1.599 24.50 35.66 99.88 230076.22 1.322 0.388 99292.54 43417.00 1.04 670730.67 2.994 
 
Yate 1.918 43.03 36.94 104.76 447738.84 1.331 0.372 144821.35 92410.21 1.03 684972.00 3.604 
 
Igu2 1.448 33.64 30.80 87.33 334820.43 1.328 0.375 138046.66 57625.08 0.96 560021.67 3.327 
 
Igu1 1.518 20.02 30.44 85.21 138826.51 1.290 0.376 56035.21 73291.22 0.94 493100.10 3.863 
 
Igu3 1.572 21.36 31.37 88.50 151837.22 1.283 0.371 57337.75 87125.11 0.99 530907.57 3.773 
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Maha 1.561 14.72 26.88 75.48 93587.90 1.261 0.381 24333.53 57980.03 0.88 376272.18 5.232 
 
Tati 1.623 13.08 25.21 71.48 84218.86 1.244 0.327 14621.11 10110.58 0.91 338711.04 6.167 
 
Piky 1.618 8.87 24.51 69.49 44041.43 1.217 0.325 4171.44 3908.68 0.92 307860.12 6.764 
 
Itab 1.555 1.50 22.90 64.94 3254.41 1.187 0.316 427.11 2897.41 0.81 214866.36 9.314 
 
Limo 1.496 1.13 23.61 66.16 3020.22 1.196 0.323 518.65 2923.98 0.85 217161.45 8.654 
 
Moro 1.760 4.03 24.16 68.50 11637.39 1.178 0.300 1454.04 5976.26 0.77 316196.82 7.162 
 
Arak 1.809 5.52 25.89 73.41 17014.96 1.186 0.321 2063.23 8015.14 0.78 363169.17 6.409 
 
Cara 1.473 1.50 22.05 62.53 3902.54 1.202 0.331 617.15 3434.02 0.77 196786.17 9.635 
 
Salt 1.417 1.40 20.15 56.66 3882.56 1.209 0.363 1193.59 4026.99 0.74 169215.03 10.589 
 
Mba1 1.610 3.17 25.38 71.38 9786.45 1.187 0.338 1610.63 5950.27 0.80 340097.85 5.993 
 
Mba2 1.502 5.50 23.14 65.08 18208.61 1.193 0.327 2272.27 8698.91 0.80 307219.23 6.189 
 
KaiR 1.802 0.75 24.59 68.94 1283.72 1.184 0.311 452.02 1637.46 0.76 208322.55 10.880 
  Cerr 2.282 0.87 30.86 86.77 1897.75 1.201 0.341 577.99 2641.76 0.82 252061.56 11.454 
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Table B.9. Correlation between tree/palm/tree-fern species’ abundance, and multidimensional 
scaling axes. 
Tree species MDS1 MDS2 MDS3 MDS4 MDS5 
Acacia bonariensis -0.0272 0.0248 0.1744 -0.4150 -0.2104 
Acacia caven 0.3088 -0.3736 0.2061 -0.2579 0.0488 
Acacia polyphylla -0.1760 0.2192 0.5427 -0.0458 -0.0109 
Acacia sp. -0.2017 -0.2882 0.4551 0.1704 0.0715 
Acacia visco 0.3001 -0.1188 0.0724 0.3446 0.1643 
Acrocomia totai -0.2773 0.1994 0.1675 -0.1222 0.2988 
Albizia hassleri 0.3979 0.2466 -0.1799 -0.0162 0.0366 
Allophylus edulis 0.0130 0.6787 -0.0356 -0.0482 -0.2957 
Amaranthus spinosa -0.1204 0.3247 -0.3647 -0.0342 -0.2082 
Amburana cearensis -0.2054 -0.2003 0.4678 0.1332 0.1025 
Anadenanthera colubrina -0.2078 -0.5054 -0.1422 -0.3308 -0.0579 
Annona amambayensis -0.4930 0.0591 -0.2905 -0.0261 -0.0043 
Annona reticulata -0.3874 -0.2518 0.0194 -0.1210 0.0260 
Apuleia leiocarpa -0.3468 -0.2922 0.1086 0.0011 -0.1184 
Araucaria angustifolia 0.3417 -0.2261 0.3133 -0.1525 -0.3196 
Aspidosperma australe -0.1542 -0.0113 -0.1100 0.2365 -0.0058 
Aspidosperma polyneuron -0.0153 -0.0255 0.1902 -0.4758 0.0448 
Aspidosperma quebracho blanco -0.3379 -0.2408 -0.1193 -0.3311 -0.1975 
Aspidosperma quirandi -0.1865 -0.0544 -0.0819 -0.1677 0.1542 
Aspidosperma sp. -0.0636 -0.1633 0.1208 -0.5508 -0.0200 
Astronium balansae -0.1250 0.2583 0.0628 0.1265 0.5862 
Astronium fraxinifolium 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Astronium quebracho.blanco -0.1182 -0.2629 -0.3864 -0.4721 -0.0434 
Astronium uryndeyva -0.1060 0.1760 0.2364 -0.5987 -0.1849 
Balfourodendron riedelianum 0.7133 -0.3265 -0.2740 0.2868 0.0792 
Bastardiopsis densiflora 0.0339 0.2750 0.0457 0.0097 0.1454 
Bauhinia forticata 0.1720 0.5329 0.1637 0.1479 -0.0399 
Berdania lorenzeti 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Bernardia pulcheta -0.1223 0.1980 0.0336 0.3356 0.0680 
Bougavilia sp. -0.3468 -0.2922 0.1086 0.0011 -0.1184 
Bulnesia sarmentoi 0.0147 0.4553 -0.0146 0.0799 -0.2531 
Bulnesia sp. 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Bumelia obtusifolia -0.1659 0.3872 -0.3179 0.1221 -0.1592 
Butia paraguariensis -0.2006 0.4060 0.0309 0.1337 -0.4281 
Butia yatai 0.2974 -0.2349 -0.2214 0.1368 0.0887 
Cabralea canjerana 0.1861 -0.3492 0.0233 -0.1599 0.0304 
Caesalpina forticata -0.1865 -0.0544 -0.0819 -0.1677 0.1542 
Caesalpina paraguariensis 0.0136 0.4302 0.1278 -0.2093 -0.0307 
Caesalpina rubicunda -0.1178 0.4958 -0.2659 0.3362 -0.3784 
Calliandra tweedii 0.4916 -0.2545 -0.1001 0.2476 0.2034 
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Callophyllum sp. 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Campomanesia adamantium -0.1223 0.1980 0.0336 0.3356 0.0680 
Campomanesia quazumaefolia -0.0294 0.3371 0.0846 -0.1394 0.1313 
Campomanesia xanthocarpa 0.0336 -0.2444 -0.3470 -0.2870 0.0972 
Cathormion polyanthum -0.3468 -0.2922 0.1086 0.0011 -0.1184 
Cecropia pachystachya -0.0764 0.2491 0.2590 -0.0925 -0.0789 
Cedrella fisilis -0.1290 0.5258 -0.3097 0.2168 -0.5961 
Ceibaspeciosa 0.3417 -0.2261 0.3133 -0.1525 -0.3196 
Celtis pubescens -0.0399 0.2624 0.1068 0.1678 0.6210 
Celtis sp. -0.2017 -0.2882 0.4551 0.1704 0.0715 
Chloroleucon tenuiflorum 0.3805 -0.0684 0.3580 -0.2004 -0.1014 
Chlorophora tinctoria -0.1912 0.3223 0.0446 0.4299 0.3600 
Chorisia speciosa 0.3766 -0.2315 -0.2102 -0.0038 0.1156 
Chrysophyllum gonocarpum 0.4231 -0.3426 -0.5701 -0.0868 0.2728 
Chrysophyllum marginatum -0.1204 0.3247 -0.3647 -0.0342 -0.2082 
Citrus aurantium -0.4447 -0.4804 0.1527 0.1914 -0.2274 
Combreatum fruticosum 0.3766 -0.2315 -0.2102 -0.0038 0.1156 
Copaifera langsdorfi -0.4835 -0.1781 -0.0349 0.0636 -0.1503 
Cordia americana 0.4393 0.2141 -0.0240 0.1910 -0.5310 
Cordia ecalyculata 0.3001 -0.1188 0.0724 0.3446 0.1643 
Cordia trichotoma 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Cordyline dracaenoides -0.3351 0.0932 -0.2081 0.0814 -0.1179 
Cordyline spectabilis 0.5575 -0.2955 -0.0141 0.2304 0.1332 
Croton urucurana 0.2349 0.3372 0.4168 0.1607 0.2874 
Cupania vernalis 0.4729 -0.2958 -0.1020 -0.0527 0.0088 
Cythea emarginata 0.0336 -0.2444 -0.3470 -0.2870 0.0972 
Cythea sp. -0.0767 -0.2244 -0.2093 0.0044 0.3047 
Daphnopsis racemosa 0.3766 -0.2315 -0.2102 -0.0038 0.1156 
Desmodium sp. 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Diaptenopteryx sorbifolia 0.3499 0.2138 -0.4224 0.1005 -0.1105 
Diospyros inconstans 0.3417 -0.2261 0.3133 -0.1525 -0.3196 
Endicheria sp. 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Eneatypus tenuiflores -0.1763 0.3797 -0.2405 0.2190 -0.1019 
Enterolobium contortisiliquum 0.3999 -0.2338 0.3980 0.0009 -0.1320 
Erythrina crista.galli 0.3498 -0.1713 0.4053 -0.3684 -0.2979 
Erythrina falcata -0.0113 0.2121 -0.0357 0.3609 0.0626 
Esenbekia frebrifuga -0.1963 -0.1174 -0.1848 -0.3628 -0.1569 
Eucalyptus sp. -0.2017 -0.2882 0.4551 0.1704 0.0715 
Eugenia involucrata -0.1223 0.1980 0.0336 0.3356 0.0680 
Eugenia pyriformis 0.3841 -0.0645 0.1466 0.3162 0.1898 
Eugenia uniflora 0.2220 -0.0802 0.2864 0.0608 -0.2339 
Eugenia uruguariensis 0.4430 0.0716 -0.2798 0.1271 -0.0168 
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Euphorbi brasiliensis -0.1204 0.3247 -0.3647 -0.0342 -0.2082 
Euterpes edulis 0.3766 -0.2315 -0.2102 -0.0038 0.1156 
Ficus enormis -0.3269 -0.5230 -0.1508 -0.1097 -0.2094 
Ficus exima -0.3493 0.2502 -0.3470 -0.0346 -0.1412 
Ficus luschnathiana 0.4430 0.0716 -0.2798 0.1271 -0.0168 
Gauzana ulmifolia 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Genipa americana -0.1250 0.2583 0.0628 0.1265 0.5862 
Guazuma ulmifolia -0.0313 -0.3406 -0.4042 -0.2053 0.2920 
Hexachlamys edulis 0.3001 -0.1188 0.0724 0.3446 0.1643 
Holocalix balansae 0.2890 -0.0851 -0.3296 0.2019 -0.2272 
Ilex dumosa -0.1575 0.0900 0.2514 0.4340 -0.2447 
Ilex paraguariensis -0.4626 0.1998 -0.4103 -0.1531 -0.0181 
Inga afinis 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Inga marginata -0.1698 0.4808 0.1923 0.0146 0.3242 
Inga uruguansis 0.2980 -0.3458 -0.4048 -0.2113 0.1546 
Jacaranda micrantha 0.1449 -0.2374 -0.1253 -0.5213 0.0099 
Jacaranda mimosifolia 0.3417 -0.2261 0.3133 -0.1525 -0.3196 
Jacaranda speciosa -0.2346 0.2051 0.2645 -0.0461 -0.2569 
Jacaratia spinosa -0.4818 0.0107 -0.3555 -0.3269 -0.1113 
Justicia brasiliensis -0.2529 -0.0996 -0.1552 -0.1686 0.1837 
Justicia dioica -0.2507 -0.4110 0.3868 0.3557 -0.0850 
Justicia sp. -0.2017 -0.2882 0.4551 0.1704 0.0715 
Lithraea molleoides -0.0874 0.4290 -0.3810 0.0827 -0.4095 
Lonchcarpus muehlbergianus 0.5669 -0.2105 0.3241 -0.3845 -0.1660 
Lonchocarpus leucanthus -0.3321 -0.1768 -0.1156 0.3315 -0.2507 
Luehea divarticata 0.4839 0.1480 -0.1904 0.4401 -0.2027 
Lythracea sp. -0.3984 -0.4216 0.4095 0.1246 -0.0341 
Machaerium paraguariensis -0.3188 0.0470 -0.1566 0.0865 -0.0885 
Maclura tinctoria -0.1020 0.2582 0.1472 -0.1443 0.2997 
Maitenus ilicifolia 0.3417 -0.2261 0.3133 -0.1525 -0.3196 
Matayva elaegnoides 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Maytenus ilicifolia -0.1888 -0.0515 0.0940 0.1511 -0.1184 
Molle schinus -0.1089 0.4807 -0.2035 -0.1261 -0.0559 
Myrcinanthes punges 0.3417 -0.2261 0.3133 -0.1525 -0.3196 
Myrocarpus frondosus -0.0319 0.3462 0.1576 0.3196 0.3504 
Myrrhinium atropurpureum 0.3417 -0.2261 0.3133 -0.1525 -0.3196 
Nectandra salinga 0.4430 0.0716 -0.2798 0.1271 -0.0168 
Ocotea acutifolia 0.6121 0.1076 -0.0183 0.0420 -0.0192 
Ocotea emarginata 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Ocotea lanceolata -0.4588 0.3653 -0.4135 0.0018 0.3196 
Ocotea puberula -0.1223 0.1980 0.0336 0.3356 0.0680 
Parapiptadenia rigida -0.0480 0.1895 0.0835 0.0810 0.0282 
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Parapiptadenia sp. 0.3417 -0.2261 0.3133 -0.1525 -0.3196 
Patagonula americana 0.6764 -0.1323 -0.2642 0.0617 -0.0387 
Peltophorum dubium -0.4064 0.2334 -0.3220 0.3375 -0.0140 
Peroba nitens -0.1408 -0.3319 -0.4457 -0.4535 0.0649 
Philodendrin bipinnatiphidium -0.1223 0.1980 0.0336 0.3356 0.0680 
Phytolaca dioca 0.4470 -0.1355 0.3955 -0.1621 -0.2474 
Pilocarpus pennatifolius 0.3001 -0.1188 0.0724 0.3446 0.1643 
Piper audicadium -0.1204 0.3247 -0.3647 -0.0342 -0.2082 
Piptadenia macrocarpa -0.1250 0.2583 0.0628 0.1265 0.5862 
Pisonia aculeata 0.2541 0.0912 0.4372 -0.2398 -0.2740 
Pisonia zapallo 0.3001 -0.1188 0.0724 0.3446 0.1643 
Pithecellobium saman 0.0336 -0.2444 -0.3470 -0.2870 0.0972 
Polygala pulchella -0.1204 0.3247 -0.3647 -0.0342 -0.2082 
Pouteria gardneriana 0.3417 -0.2261 0.3133 -0.1525 -0.3196 
Prunus sp. -0.1223 0.1980 0.0336 0.3356 0.0680 
Prunus subcoriaceae -0.0294 0.3371 0.0846 -0.1394 0.1313 
Psidium araca -0.5308 -0.1262 0.0230 0.2535 0.3458 
Psidium guayaba -0.2482 0.4095 0.1622 -0.1395 0.2805 
Pterogyne nitens 0.0230 0.4319 0.3829 0.0223 -0.0431 
Pytholaca dioica 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Rollinia emarginata 0.4300 0.5490 -0.0861 -0.2765 -0.0936 
Ronchocarpus sp 0.4430 0.0716 -0.2798 0.1271 -0.0168 
Ruprechia laxiflora 0.5955 -0.1162 -0.3560 0.0895 0.0718 
Salix sp. -0.0891 0.3133 -0.0171 0.4207 -0.1570 
Sapindus saponaria 0.1205 0.4407 0.4559 -0.2811 -0.1795 
Sapium haematospermum -0.2212 0.0875 0.1695 0.3914 0.1500 
Sapium longifolium -0.0294 0.3371 0.0846 -0.1394 0.1313 
Sapium saponaria -0.0742 -0.1315 0.0544 -0.6635 -0.1820 
Schinopsis balansae 0.4625 -0.0512 0.4011 -0.1470 -0.1612 
Sebastiana brasiliensis -0.0595 0.3285 0.3118 -0.1167 -0.1333 
Sebastiana hispida -0.1223 0.1980 0.0336 0.3356 0.0680 
Slonea monosperma -0.1397 -0.5139 0.1511 0.3173 -0.2409 
Stevia rebaudiana 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Stevia sp. 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Swetia fructicosa -0.0313 -0.3406 -0.4042 -0.2053 0.2920 
Syagrus romanzoffiana 0.0670 -0.2593 -0.1582 0.1615 0.3535 
Tabebuia alba 0.2179 -0.3312 -0.3048 0.0005 0.3054 
Tabebuia heptaphylla -0.1317 -0.0769 0.3110 0.2420 0.2419 
Tabebuia ochracea -0.2748 0.2728 0.1127 -0.0220 -0.1611 
Tabebuia roseo.alba -0.0758 0.0167 0.1297 -0.4861 0.1027 
Tabebuia roseum -0.1250 0.2583 0.0628 0.1265 0.5862 
Tabernaemontana catharinensis 0.4430 0.0716 -0.2798 0.1271 -0.0168 
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Tecoma stans 0.6574 -0.2639 -0.1654 -0.0141 -0.0449 
Tipuana tipu 0.4503 -0.2299 0.2400 0.2073 -0.0415 
Trema micranta 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Trichilia catigua -0.1384 -0.2903 -0.0025 0.3699 -0.2566 
Trichilia elegans 0.3417 -0.2261 0.3133 -0.1525 -0.3196 
Trichilia pallida -0.2721 -0.2438 -0.0738 0.3775 -0.2750 
Ulma celtis -0.1963 -0.1174 -0.1848 -0.3628 -0.1569 
Vernonia difusa 0.0496 0.2896 -0.1046 0.2494 -0.4796 
Warea wareana -0.2721 -0.2438 -0.0738 0.3775 -0.2750 
Xylomasa pubescens 0.5399 -0.0343 -0.1507 0.3427 0.1072 
Xylopia aromatica -0.1384 -0.2903 -0.0025 0.3699 -0.2566 
Xylopia brasiliensis -0.1348 0.4319 -0.1719 0.3789 -0.2359 
Zizphus mistol 0.3001 -0.1188 0.0724 0.3446 0.1643 
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Site Longitude Latitude PCNM1 PCNM2 PCNM3 PCNM4 PCNM5 PCNM6 PCNM7 PCNM8 PCNM9 PCNM10 PCNM11 PCNM12 
Arak -55.57609 -24.617526 -0.214 0.199 0.075 0.487 0.391 -0.222 -0.032 0.163 -0.312 0.033 0.166 -0.109 
Cara -54.376061 -24.373137 -0.216 0.237 0.193 0.121 -0.199 -0.081 0.441 -0.173 0.311 -0.028 -0.169 0.108 
Cerr -57.343598 -22.698243 -0.112 -0.397 -0.322 0.313 -0.449 -0.239 -0.012 0.523 0.091 0.053 -0.053 -0.002 
Guyr -55.782899 -26.516801 -0.076 -0.426 0.415 -0.095 0.252 -0.320 -0.325 -0.176 0.320 -0.039 -0.169 0.109 
Igz1 -54.493833 -25.662361 0.260 0.033 -0.061 0.003 -0.102 0.305 -0.567 -0.006 0.028 0.001 0.002 0.000 
Igz2 -54.445137 -25.7295 0.288 -0.028 -0.130 -0.106 0.116 -0.061 0.075 0.048 0.004 -0.484 -0.135 -0.235 
Igz3 -54.397772 -25.654477 0.288 -0.028 -0.130 -0.106 0.116 -0.062 0.075 0.074 0.038 -0.437 0.375 0.326 
Itab -54.696941 -25.058046 0.027 0.218 -0.049 -0.136 0.128 0.014 0.020 0.278 -0.256 -0.096 -0.537 0.035 
KaiR -56.248155 -23.290373 -0.227 -0.367 -0.454 0.097 -0.020 0.198 0.073 -0.531 -0.093 -0.062 0.056 0.003 
Limo -54.463153 -24.752426 0.020 0.219 -0.047 -0.150 0.117 -0.002 0.034 0.255 0.370 0.131 0.482 -0.029 
Maha -54.630341 -25.565238 0.217 -0.012 0.232 0.044 -0.247 0.451 0.344 0.013 -0.010 0.001 0.000 0.000 
Mba1 -55.506153 -24.126253 -0.348 0.059 -0.154 -0.147 0.234 0.176 0.022 0.047 -0.187 -0.004 -0.101 0.567 
Mba2 -55.359103 -23.997354 -0.348 0.059 -0.154 -0.154 0.227 0.171 0.030 -0.027 0.195 0.009 0.095 -0.568 
Moro -55.327345 -24.735701 -0.175 0.246 0.167 0.160 -0.249 0.315 -0.434 -0.003 0.000 0.008 0.000 0.000 
Piky -54.507668 -25.200832 0.145 0.186 0.074 0.060 -0.271 -0.384 -0.048 -0.369 -0.442 -0.029 0.226 -0.108 
Salt -54.309251 -24.041502 -0.247 0.148 0.041 -0.535 -0.373 -0.288 -0.060 -0.008 -0.019 0.000 -0.001 -0.001 
Tapy -55.755301 -26.285662 -0.041 -0.429 0.510 -0.066 0.038 0.203 0.183 0.172 -0.313 0.033 0.169 -0.108 
Tati -54.595375 -25.368559 0.187 0.147 0.055 0.423 0.057 -0.044 0.034 -0.180 0.337 -0.033 -0.165 0.107 
Urug -54.167954 -25.86003 0.287 -0.031 -0.131 -0.107 0.117 -0.063 0.074 -0.039 -0.037 0.259 -0.312 -0.291 
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Table B.11. Variation-partitioning analysis results showing the unique and shared predictive power of fragmentation [F], 
environmental [E], and spatial [S] effects in explaining the distribution of variation in A) genetic diversity (expected heterozygosity 
per site: HS), and B) genetic composition among sites. Fragmentation variables were measured at 5 scales (4-, 8-, 16-, 32-, 64-km). 
Genetic diversity and genetic composition were calculated from rarified datasets that corrected for sample size variation among sites. 
Symbols are as follows: : union, : intersection, |: after accounting for. Only pure components (a to c) and the full model were tested 
for significance (RDA); statistical significance indicated as follows: ―**‖ p ≤ 0.01, ―*‖ 0.01 < p ≤ 0.05, ―†‖ 0.05 < p ≤ 0.1.  
 
  
Genetic diversity Genetic composition 
Component 4km 8km 16km 32km 64km 4km 8km 16km 32km 64km 
a S|(EF)  0.0369 0.1718** 0.0510 0.0905 0.0629 0.0223* 0.0108 0.0223* 0.0223* 0.0223* 
b E|(SF)  0.1040 0.1862* 0.0118 0.0721 0.0773 0.0114 0.0015 0.0114 0.0114 0.0114 
c F|(SE) 0 0.1422** 0 0 0 0 0.0006 0 0 0 
d (S∩E)|F  0.3395 0.1747 0.1679 0.1174 0.4065 0 0.0028 0 0 0 
e (E∩F)|S  0.0327 0 0.1158 0.0678 0.0616 0 0.0090 0 0 0 
f (S∩F)|E  0.0489 0 0.0290 0 0.0243 0 0.0098 0 0 0 
g S∩E∩F  0.0938 0.1902 0.2365 0.3263 0.0341 0 0 0 0 0 
Full model: 
SEF  0.6557* 0.8652** 0.6120† 0.6742* 0.6668* 0.0337† 0.0345* 0.0337† 0.0337† 0.0337† 
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Additional Figures 
 
Figure B.1. Plot of stresses for non-metric multidimensional scaling (MDS) ordination. Tree 
species composition was characterized using site scores in a MDS ordination performed on an 
among-site distance (Bray-Curtis dissimilarity) matrix determined based on tree abundance per 
site. Nineteen dimensions (axes ―k‖, indicated with circles) were tested, and five dimensions 
(solid circle) were used for the ordination of the tree data, since this number of dimensions 
minimized the stress statistic (i.e., maximizing goodness-of-fit) and maximized the reduction of 
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Permission for Chapter 2 
McCulloch ES, Stevens RD (2011) Rapid development and screening of microsatellite loci for 
Artibeus lituratus and their utility for six related species within Phyllostomidae. Molecular 
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